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ABSTRACT
Development of Predictive NOx Model For Heavy-Duty Diesel Engines
Mohan Krishnamurthy
Emissions models currently employed by EPA and CARB do not account for the
variations in engine operation and their effect on emissions. Alternatively, this study,
demonstrates the feasibility of using Engine Control Module (ECM) broadcast parameters such
as Engine Speed, Engine Torque, Injection Timing, Fueling Rate, Manifold Air Temperature,
Manifold Air Pressure, Coolant Temperature and Oil Temperature as inputs to in order to predict
engine-out exhaust NOx emissions. These parameters were obtained when the engine operates in
the Not-to-Exceed (NTE) zone, (which is defined by 40 CFR §86.1370-2007) for a continuous
time period of at least 30s in length.
This study taps into the in-use emissions measurement capabilities and the vast databases
that reside at the National Research Center for Alternative Fuels Engine and Emissions
(CAFEE), and combines them with an advanced statistical modeling technique called
Multivariate Adaptive Regression Splines (MARS) to predict NOx emissions. The MARS
technique is an adaptive piece-wise regression approach that can be configured to fit models with
terms that represent nonlinear effects and interactions among input variables.
In this study, an on-board portable emissions measurement system called the Mobile
Emissions Measurement System (MEMS), developed at West Virginia University (WVU) was
used to record in-use, continuous NOx emissions along with ECM broadcast parameters from 60
heavy-duty diesel-powered vehicles from model years 2001, 2002 and 2003. The vehicles were
classified according to their engine model and model year and four vehicles were tested for each
category. The vehicles were tested over different routes which included a mix of urban and
highway driving conditions.
Data collected from the on-road tests of a vehicle(s) were combined to form the
calibration and validation datasets. ‘Calibration’ dataset was used to create a predictive model
using MARS. Validation datasets which were independent of the ‘calibration’ datasets were used
to check the accuracy of the model predictions. Results indicate that the predictive models
developed proved highly successful with the range of uncertainty in predictions within ± 20% of
the actual value.
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1 INTRODUCTION AND OBJECTIVES
1.1

Introduction
Emissions from mobile sources contribute significantly to overall air pollution [1, 2]. A

fundamental requirement in the effort to control pollution in any form is to quantify the
emissions being released. As a first step, it is necessary to understand the relationship between
emissions and the resulting ambient concentrations. This will further result in developing
appropriate policies and methods to ensure that ambient pollutant concentrations remain within
acceptable limits. Emissions modeling is one technique employed to quantify and verify
emissions levels from the different sources.
The emissions inventory modeling for on-road mobile source emissions is simply a
gathering and reporting of information about the activity and emissions of motor vehicles.
Traditionally, models have been constructed based upon emissions data obtained from different
test programs and research projects conducted that isolate single variables such as speed and
temperature to determine their relative effects on emissions. Using these models, estimates of
emissions from different vehicles operating under a wide range of ambient and driving
conditions can be obtained, and emissions control strategies may be suggested. Some of the
popular emissions inventory models include Emission Factor (EMFAC), MOBILE, and MOVES
[3]. These models can also be used to determine how temperature and traffic conditions interact
during the day, displaying their synergetic effect on emissions from on-road vehicles. Emissions
inventory estimates are made for different technology groups and are reported for various vehicle
classes. Current emission models do not predict accurately the mobile source emissions primarily
due to oversimplified parameterization between vehicle activity and measured emissions output.
Most of these emissions inventory models simply relate average emission values to vehicle
densities and speeds on a traffic network. This approach is highly error-prone since it does not
consider in sufficient detail vehicle operation parameters that are more closely related to
emissions output. Estimation of motor vehicle emissions requires the ability to predict or
measure the different parameters over the entire operating region. By developing transportation
simulations that can accurately portray dynamic vehicle activities (e.g., accelerations,
decelerations) and integrating detailed vehicle emissions profiles acquired through in-situ
measurements, more accurate emission inventories from mobile sources can be achieved.
1

For the development and maintenance of ongoing programs to inventory specific
pollutant emissions, specific air pollution requirements are set forth in Title 40, of the Code of
Federal Regulations (CFR), Part 51.321 [4], and in the Clean Air Act, as amended. The
amendments to the Clean Air Act require the development of "...comprehensive, accurate, and
current..."[4] inventories from all sources of each pollutant. Many complex processes govern the
formation of pollutants in motor vehicles, and the Environmental Protection Agency (EPA)
recognizes that a significant effort is necessary to develop and maintain emission inventories that
meet the requirements for both technical analysis and administrative reporting.
The EPA and the California Air Resources Board (CARB) support large data collection
programs to quantify the rate at which pollutants are emitted by individual categories of motor
vehicles. Both organizations have used this information to develop models that help analysts
estimate motor vehicle contributions to the local emissions inventory. These models, commonly
known as “emission factor models,” are designed to account for the effect of numerous vehicle
parameters on the volume of pollutants emitted. The primary components of an emission factor
model include the base emission factors, characterization of the vehicle fleet, fuel characteristics,
vehicle operating conditions and the effect of local ambient conditions, the effect of alternative
inspection and maintenance (I/M) programs and the effect of tampering and misfueling. None of
these factors are static: technology is continually evolving, which leads to changing in-use
emissions performance. Hence, a substantial effort is required to accurately quantify these factors
and to stay current with the influence of all of these factors on vehicular emission levels.
Dynamometer tests in a laboratory test facility which includes engine and chassis
dynamometers, remote sensing at specific on-road locations, and tunnel studies have been the
most common methods for measuring vehicle emissions. The current generation of emission
factor models, including the EMFAC series of models used in California and the MOBILE series
of models developed by the EPA, are based upon emissions data for selected driving cycles. A
driving cycle is composed of a unique profile of stops, starts, constant speed cruises,
accelerations and decelerations, and is typically characterized by an overall time-weighted
average speed [3, 5]. Different driving cycles are used to represent driving under different
conditions. The emission measurements for a driving cycle are typically conducted on a
dynamometer in the laboratory. However, it has been well established that in-use emissions
exceed the applicable emission limits when engines are operated under real-world conditions [68]. There is presently a lack of realistic test cycles representative of the engine activity regime.
2

Substantial portions of a wide variety of real-world driving conditions are not incorporated into
specific tests. For example, the U.S. heavy-duty engine Federal Test Procedure (FTP) applies
only to a specific temperature range at specified speed and torque points in the order specified by
the FTP test cycle. This means that the emissions data obtained may not be representative of
emissions in real-world driving [6-8]. According to published research, emission rates are
affected by a variety of vehicle characteristics, operating conditions, and transportation system
conditions [9]. However, there is a dearth of information that can be used to establish a viable
relationship between the behavior of emission rates and interactions of these parameters under
real-world conditions. Additionally, the heavy-duty diesel vehicle (HDDV) ‘off-cycle’ operation
is a vehicle component or software-dependent phenomenon that allows emissions expressed in
g/bhp-hr in excess of the FTP certification standards [10], for non-idle conditions. The increased
levels of emissions are produced during operating modes which are not explicitly covered by a
certification test while still controlling emissions during the certification test [11]. In the case of
heavy-duty vehicles, excess NOx emissions that were produced during off-cycle operation
occurred most frequently during steady-state operating modes such as cruising down the
freeway, and rarely occurred during transient operation. It is therefore imperative that the
emissions models developed will consider the variability in emissions measured caused by these
parameters.
In this study, the Mobile Emissions Measurement System (MEMS), an on-board portable
emissions measurement system developed at West Virginia University (WVU), was used to
record in-use, continuous, and brake-specific emissions from heavy-duty diesel-powered
vehicles [12-14]. This study taps into the in-use emissions measurement capabilities and the vast
databases that reside at the National Research Center for Alternative Fuels Engine and Emissions
(CAFEE), and combines them with an advanced statistical modeling technique called
Multivariate Adaptive Regression Splines (MARS) to predict emissions. Additionally, beginning
in 2007, the certification of heavy-duty diesel engines in the U.S requires engine manufacturers
to measure in-use emissions from vehicles under “real-world” operating conditions to
complement the current certification procedures. As a first attempt, the model presented has only
used those engine operating parameters which were broadcast by the engine’s electronic control
module (ECM). It should be noted that the model developed would be applicable for a particular
engine model, model year, and vehicle type.

3

The MARS technique [15] is basically an adaptive piece-wise regression approach. This
method has been successfully employed for various prediction and data mining applications in
recent years [16-22].
1.2

Objectives
The objective of this study was to build a continuous NOx prediction model that would be

capable of accurately representing real-world emissions from on-road heavy-duty diesel engines
in the Not-To-Exceed zone of operation. To achieve this objective it was necessary to perform
data collection and analysis of engine activity data about on-highway heavy-duty vehicles for
different applications under real-world conditions. WVU’s MEMS was used to obtain engine
operating conditions, vehicle speed, and in-use emission rates of CO2 and NOx. The instrumented
vehicle was tested on specific routes, which included a mix of highway and city driving patterns.
The data obtained from these tests was used to develop the model to predict NOx emissions from
in-use, heavy-duty diesel engines. It should be noted that the model developed would be
applicable to a particular engine model, model year, and vehicle type. To achieve these
objectives, it was necessary to:
•

Obtain reliable and repeatable measurements of NOx using MEMS on-board portable
emissions measurement system and engine operating parameters.

•

Perform a statistical analysis to determine the major factors influencing NOx emissions.

•

Employ the MARS technique to formulate a NOx prediction model, with inputs being the
engine, vehicle, and environmental parameters.

•
1.3

Validate the above predictions with the in-use data obtained from the on-road tests.
Technical Approach to Accomplish Objectives
The above objectives were accomplished in three phases as described below:

Phase-I:

The first phase of this research focused on the measurement of in-use emissions

from on-road heavy-duty diesel engines along with engine and vehicle activity. A test vehicle
instrumented with WVU’s MEMS, was used to obtain engine operating conditions, vehicle speed
and in-use emission rates of CO2 and NOx. On-road testing was conducted in such a manner that
the test matrix of the vehicles included a mix of highway and city driving patterns. In order to
ensure that the data collected was accurate, quality assurance techniques were employed during
different stages of data collection and data processing.
4

Phase-II:

The second phase involved analyzing the different engine, vehicle, and

environmental-operating conditions and their synergistic effect on emissions. The data was
collected and analysis was performed for a particular engine model, engine model year, and
vehicle type operated over the different routes.
Phase-III:

The third phase involved the formulation of a model to predict emissions from

heavy-duty diesel engines operating under real-world conditions. It should be noted that the
model developed would be applicable for a particular engine model, model year, and vehicle
type. It should be noted that this model is general, but any model will have to be tuned to a
particular engine family and model. Within this effort, a scheme for NOx emissions prediction
was developed using advanced regression techniques and tested using engine measurements
acquired from on-road testing of an appropriately instrumented vehicle. The scheme uses the
recently developed MARS technique to estimate some measured variables as a function of other
variables [10]. The above model was then used to predict the NOx emission concentrations at
different in-use operating conditions.
The in-field data collected were analyzed to obtain the proposed objectives. Specifically,
the analysis and modeling focused on effects of parameters, such as engine speed, engine load,
injection timing, fueling rate, oil temperature, manifold air temperature, manifold air pressure,
coolant temperature and oil temperature on exhaust emissions from the test vehicles. This effort
is an attempt towards inventory modeling encompassing the benefits and the limitations of onboard measurement. The benefits include the wide range of operating conditions while the
limited by the inaccuracy of measurements outside the NTE zone of operation.

5

2 LITERATURE REVIEW
There are numerous complexities involved in estimating and predicting mobile-source
emissions from the on-road fleet. The fleet is made up of vehicles with a wide variety of
emissions characteristics due to differences in condition, type, and age of engines and vehicles,
performance of the emissions-control systems, maintenance, and fuel composition. Emissions
expressed in g/s or r/bhp-hr are also affected by local factors, such as meteorological conditions
and traffic patterns. Developing predictions of future emissions requires projections for all of
those characteristics. This requires building a mobile-source emissions model that is appropriate
for all applications, a microscale instantaneous emissions modeling component that uses
instantaneous operating conditions of individual vehicles and engines to estimate continuous
engine/vehicle emissions and that can be used for a variety of applications, including generating
conversion factors to predict distance-specific emissions. [23-26]. To be able to develop this kind
of model, new measurement techniques are needed. On-board, in-use emissions measurement is
one of these techniques and is widely recognized as a desirable approach for quantifying
emissions from vehicles, because data are collected under real-world conditions at any location
traveled by the vehicle. In this study, the modeling approach will focus on NOx emissions from
heavy-duty diesel engines.
The following sections describe some of the past and current mobile-source emissions
models that have been developed for emissions inventory purposes.
2.1

Overview of Conventional Emissions Measurement and Estimation Approaches
The current generation of emission factor models, are based upon emissions data for

selected driving cycles. The description and the drawbacks of these models are described in the
following sections.
2.1.1

MOBILE
The primary tool used by air-quality planners at national, state, and local levels to

estimate on-road mobile-source emissions is the U.S EPA's Mobile Source Emissions Factor
(MOBILE) model [27]. The MOBILE model for estimating on-road vehicle emissions factors in
grams per mile was first developed by the U.S. EPA in the late 1970s. The latest version,
referred to as MOBILE6 was based on recent vehicle-emissions testing data from EPA, the
California Air Resources Board (CARB), automobile manufacturers, and petroleum refiners
6

[27]. The MOBILE model provides emission factors for on-road vehicles for the three regulated
pollutants: VOCs, CO, and NOx. The model provides emission factors separately for the different
classes of vehicles, and also for the average on-road fleet using a default national mix of
vehicles. The vehicle classes are further subdivided into technology classes in MOBILE to
account for emissions differences between, for example, vehicles with carburetors and those with
fuel injection. To estimate total on-road mobile emissions in a given area, either the vehicle class
emissions factor is multiplied by estimates of Vehicles Miles Traveled (VMT) by vehicle class
for the area and summed, or the fleet average emissions factor is multiplied by total VMT for the
area. Although the MOBILE6 documentation provides numerical results for changes in specific
model components, the model was still based upon emissions data obtained from selected driving
cycles.
2.1.2

MOVES
Motor Vehicle Emission Simulator (MOVES) [28-30] is another modeling system

developed by the EPA’s Office of Transportation and Air Quality (OTAQ). This system
estimates emissions for on-road and nonroad sources, covers a broad range of pollutants, and
allows multiple scale analysis, from fine-scale analysis to national inventory estimation. When
fully implemented, MOVES will serve as the replacement for MOBILE6 and NONROAD.
However, the drawback of this model is that the emissions data obtained for model building was
based on laboratory testing as opposed to real-world conditions.
2.2

Modal Modeling Approach
The MOBILE model was developed for calculating regional emissions inventories using

aggregated vehicle emissions data and estimates of vehicle activity in the form of VMT and
average speed. Because of the inherent emissions and vehicle operation “averaging” that takes
place in MOBILE, the model is not sensitive to driving dynamics. The major drawback, in this
author’s opinion, is that MOBILE uses average speed as the only variable for representing
driving dynamics. Vehicle emissions are strongly dependent upon driving dynamics, and average
speed does not always properly characterize these dynamics. It is well accepted varying driving
patterns can have approximately the same average speed, but completely different driving
dynamics, and thus drastically different emissions responses. To better capture emissions effects
associated with a wide range of driving dynamics, researchers have investigated at a more
fundamental level the modal operation of a vehicle and related emissions to vehicle operating
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modes such as idle, steady-state cruise, and levels of acceleration and deceleration [27]. Models
that predict emissions based on these vehicle-operating modes are often referred to as “modal
emissions models.” The terms modal, instantaneous, and continuous are often used as synonyms
when referring to this detailed microscale emissions modeling.
As described in Section 2.2.1, MOBILE is based on emissions testing in which a single
average emissions value is determined for a particular driving cycle. In contrast, modal or
instantaneous emissions data collection consists of measuring emissions continuously during the
chassis dynamometer tests and recording these data at a particular time interval, usually every
second. Vehicle operational data are also recorded, such as the instantaneous vehicle speed and
acceleration rate. Some of the modal and instantaneous modeling approaches employed for
emissions modeling are presented below.
2.2.1

Speed Acceleration Look-up Tables
The most basic and most common form of a modal or instantaneous emissions model is a

multidimensional look-up table. Given one or more vehicle-operating variables, a table can
simply store the corresponding emissions values. The most common emissions table is twodimensional, with rows representing a velocity interval and columns representing acceleration.
During an emissions test, all of the emissions measurements are put into different cells in the
emissions matrix according to the velocity and acceleration of the measured vehicle at that
particular time. Some researchers use a “load” term (e.g., the speed-acceleration product) rather
than acceleration for one of the table dimensions [31]. To guarantee the correct emissions value
for every possible operating condition, a wide range of real-world driving cycles should be
applied. However, this is often impractical; hence, a few driving cycles are applied, filling many
cells in the emissions matrix. Values for the remaining cells are then interpolated or extrapolated
from the data at hand. The emissions look-up tables can be created for individual vehicles, or
consist of a grouping of vehicles, based on common vehicle attributes (e.g., model year and
technology type). When this form of an emissions model is used, an applied driving cycle (that
is, velocity-time profile) is considered one time step at a time, an emissions value is obtained
from the lookup table, and all emissions values are then summed together to obtain an emissions
value for the entire cycle.
The instantaneous emissions model based on lookup tables is a straightforward model to
implement. However, there are several potential problems with this type of model. First, it is
8

crucial that a wide range of vehicle-operating conditions are used when developing the lookup
tables, which might require a significant amount of testing time. Second, when using
instantaneous lookup tables, there is no explicit accounting for the time dependence in the
emissions response to the vehicles operation. If the instantaneous lookup tables were derived
from statistical analysis of cycle-based data, the operating history effects could be considered to
be inherently accounted for. However, this has yet to be validated. Third, there is no convenient
way to introduce other load-producing effects on emissions such as road grade or accessory (e.g.,
air-conditioning) use other than introducing numerous other look-up tables, or perhaps applying
a set of corrections.
2.2.2

Aggregate Modal Emission Models
Washington et al. [32] have described the development of an aggregate modal emissions

modeling approach. Sophisticated statistical techniques were used for the purpose. The model
was developed by first analyzing in detail a large emissions certification database. Hierarchical,
tree-based, regression analysis was then applied to the database, using several vehicle
technologies and operating characteristics as variables to explain emissions variations. Surrogate
variables were also introduced as potential explanatory variables. The tree-based analysis
searches for variables that explain the most variance in emissions response. For a set of vehicles
tested over a variety of test cycles, the technique attempts to determine what variables have the
greatest effect on overall emissions values. A regression tree was formed from the analysis, with
the leaves of the tree providing mass emissions rates for the specific, mutually exclusive, vehicle
technology groups and operating characteristic combinations that naturally result from the
regression-tree analysis [32]. Both individual vehicle technology characteristics and operating
mode characteristics appear in the tree. It was found that operating characteristics that had the
most explanatory power were surrogate variables of acceleration conditions and power demand.
Not unlike other methods, this modeling approach is limited by the representativeness of vehicles
and cycles tested. Therefore, the greater the diversity in vehicles and emissions testing cycles,
the more reliable the regression-tree model. Although more than 23,000 vehicle tests had been
employed in this aggregate modal model development to date, there were too few recent model
year vehicles represented in this database. Nevertheless, a strength of this approach was that the
algorithms could be re-estimated on an annual basis as new testing data become available on any
number of vehicles and cycles.
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This modal model includes hot-stabilized emissions rates and engine-start emissions
rates. The model also handles deterioration effects when the test age and odometer of the vehicle
are included in the emissions database. This modal model is aggregate in the sense that it
predicts a single integrated emissions value given any particular driving cycle. It does not
provide instantaneous emissions values for every second of the driving cycle input.
2.2.3

Neural-Network based Vehicle Emissions Models
Another approach uses a neural-network-based vehicle emissions model to simulate

second-by-second emissions given an arbitrary driving cycle [33]. This neural-network model is
trained using dynamometer test results and makes nonlinear and multidimensional associations
between vehicle-operating variables (that is, speed and road load) and the emissions values. First,
a particular neural-network architecture is designed that allows accurate emissions prediction
across the full envelope of vehicle operation. The network is then trained using a limited set of
dynamometer-based measured emissions values. The network “learns” the precise relationship
between all designated inputs and outputs and can update those relationships over time to allow
for engine wear, changes in fuel composition, and/or extreme combinations of operating
conditions [33]. Thus far, this technique has been successfully demonstrated on both light-duty
passenger vehicles and heavy-duty diesel vehicles. It can also be weighted to reflect the
populations of the vehicle fleet when considering composite vehicles. Similar to the aggregate
modal emissions technique described above, this modeling approach is limited by the
representativeness of vehicles and cycles tested. Promising initial results have been documented.
Given the extreme variability in vehicle sensors, control equipment, and deterioration factors,
this modeling approach is not likely to provide a long-term practical solution until a very large
set of representative on-road data are available for such analyses.
Neural networks offer some advantages of flexibility of functional form in representing
data. They require a good training data set. However, the process of selecting appropriate inputs
for training of the neural network model is a subjective one. The time it takes to get good results
during training is a function of the a priori assumptions made by the analyst regarding which
explanatory variables to include in the model. In addition, since there is some autocorrelation in
second-by-second activity and emissions data, it is necessary to consider multiple time steps
when training the neural network. A key shortcoming of neural networks is that they do not
provide direct measures of sensitivity nor do they provide clear equations that reveal the key
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physical relationships among the inputs and outputs. Techniques exist for trying to interpret the
results of a neural network model, but for most users such models are likely to be impenetrable
"black boxes" providing no insight other than what a user obtains through sensitivity analysis.
2.2.4

Physical Instantaneous Emissions Models
Another approach to instantaneous emissions modeling is to use an analytical, physical

modeling approach. In this type of approach, the entire emissions creation process is broken
down into different components that correspond to physical phenomena associated with vehicle
operation and emissions production [23, 24]. Each component is then modeled as an analytical
representation consisting of various parameters that are characteristic of the process. These
parameters typically vary according to the vehicle type, engine, and emissions technology. The
majority of these parameters are stated as specifications by the vehicle manufacturers, and are
readily available (e.g., vehicle mass, engine size, and aerodynamic drag coefficient). Other key
parameters relating to vehicle operation and emissions production must be deduced from actual
second-by-second emissions data. This type of modeling is considered more deterministic rather
than descriptive. Such a deterministic model is based on causal parameters or variables, rather
than based on simply observing the effects of emissions and assigning them to statistical bins
(that is, a descriptive model). This approach provides understanding, or explanation, for the
variations in emissions among vehicles, types of driving, and other conditions.
The Comprehensive Modal Emissions Model (CMEM) developed under sponsorship of
the National Cooperative Highway Research Program (NCHRP Project 25–11) uses this
approach [24, 25]. Thus far, CMEM is capable of predicting engine-out emissions, tailpipe
emissions, and fuel consumption for a comprehensive set of Light Duty Vehicles (LDVs), in
various states of condition (for example, properly functioning, deteriorated, and malfunctioning).
This model is based on a large, detailed database of second-by-second emissions data. Over 320
vehicles were tested to establish this model in which each vehicle underwent a comprehensive
dynamometer testing procedure that consisted of a standard FTP test, the high-speed US06 cycle,
and an in-house developed modal emissions cycle. This modal emissions cycle (MEC01) has
been designed to include various levels of acceleration and deceleration, a set of constant speed
cruises, speed-fluctuation driving, and constant power driving [23-26]. CMEM has been
validated against independent emissions measurements and has shown good results. Additional
validation efforts using independent vehicles and test conditions are currently in progress. The
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physical modal emissions modeling approach inherently handles all of the factors in the vehicleoperating environment that affect emissions, such as vehicle technology, fuel type, operating
modes, maintenance, accessory use, and road grade. Various components model the different
processes in the vehicle related to emissions. Also, the model is applicable to all vehicle and
technology types. It is not restricted to only steady-state emissions events, as is an emissions map
approach, or a speed-acceleration matrix approach. Emissions events that are related to the
transient operation of the vehicle can be appropriately modeled. Further, it can easily handle time
dependence in the emissions response to the vehicle operation. As stated previously, the
operating history (i.e., the last few seconds of vehicle operation) can play a significant role in an
instantaneous emissions value. Recent work by Jimenez [34, 35] also uses a physical-based
approach for calculating an emissions inventory by investigating the relationship between
emissions and vehicle-specific power (VSP). VSP is a vehicle's instantaneous power demand
divided by its mass. VSP can be calculated by a number of physical parameters such as rolling
resistance, aerodynamic drag, velocity, and acceleration. It is possible to develop a functional
relationship between emissions and the single value of VSP, using data both from dynamometer
measurements as well as remote-sensing measurements. Further, it is possible to generate an
emissions inventory by creating a distribution of VSP using remote-sensing measurements (those
that record instantaneous speed and acceleration) then multiplying this distribution by the
precalculated VSP-emissions function. Preliminary results of this simplified method show
promise.
A problem with both physical approaches described above is that there is tremendous
variability in emissions within a vehicle class, which would thwart a ‘fundamental’ model. Thus,
to obtain an accurate estimate of both the mean and distribution of emissions from a particular
vehicle type, a very large number of vehicles would have to be characterized. Additionally, the
model would require a very large number of inputs that are not typically measured in vehicle
activity studies. Therefore, it would be impractical to use such models for estimating fleet
average emissions or for many other purposes.
2.3

Need for Engine/Vehicle Operation Parametric Modeling
According to published research, emission rates are correlated to a variety of vehicle

characteristics, operating conditions, and transportation system conditions. A brief look at the
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factors that influence the formation of emissions is given below with the focus on NOx
formation.
Central to emissions from engines are complex combustion processes that occur inside
the engine cylinders. Various factors affect the combustion process, including the fuel
composition and operating parameters such as engine speed, load, fueling, injection timing,
manifold air temperature, manifold air pressure, and air-fuel ratio. Hence, there arises a need to
have a model that includes engine and vehicle operating characteristics for predicting emissions.
The combustion process in a diesel engine can be divided into four periods, namely the
ignition delay, premixed combustion, diffusion combustion and combustion tail [36-38]. Ignition
delay is defined as the period between the injection of fuel into the cylinder and the time ignition
starts. Of the four stages, ignition delay is of prime importance since it significantly contributes
to NOx formation inside the cylinder. Engine speed is one of the major factors that affects
ignition delay and thus emissions from diesel engines. Higher engine speeds increase the ignition
delay, as measured in degrees of crank angle. Also, at higher engine speeds there is improved air
and fuel mixing due to enhanced turbulence. This does not affect the chemical delay, but
decreases the time available for NOx formation. Engine load also plays a crucial role in affecting
the emissions from engines. As engine load increases, there is an increase in the amount of fuel
injected for the same mass of air at constant speed. As more fuel is burnt, there is an increase in
the in-cylinder adiabatic flame temperature. High combustion temperatures provide the needed
energy for the chemical reactions that lead to NOx formation. Vehicle activity and operating
conditions influence emissions, drivability and fuel economy. Recent studies show that
emissions and fuel consumption are affected by smoothness and consistency of vehicle speed,
which are highly affected by driving behavior and traffic conditions. Sharp acceleration from
overtaking or changing lanes or merging onto a freeway from a slip road imposes heavy loads on
the engine, which results in high emission levels. During heavy loads, vehicles are designed to
operate with a richer fuel-air mixture, thereby producing high levels of emissions. Studies
conducted at WVU and NCSU have shown that emission levels had a strong dependence on the
mode of operation of the vehicle [7,14]. The analyses of on-road emissions with respect to
driving modes, also referred to as modal emissions, have been reported in several published
studies [39,40]. It was found that the mean emission rates (g/bhp-hr) for NOx were the highest
for cruise mode. The acceleration mode produced slightly lower levels of NOx emissions
compared to the cruise mode, and the deceleration mode produced the least amount of NOx
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emissions. The environmental factors that affect on-road emissions include ambient conditions,
road grade, traffic flow conditions and altitude. When a vehicle is operated under an atmospheric
condition different from that for which it was optimized, its performance is affected [36-38].
With an increase in the atmospheric pressure, air density increases, thus increasing the intake
charge into the engine. This improves the volumetric efficiency of the engine, thereby delivering
more power [36-38]. The temperature of the intake air influences the evaporation of fuel
injected, flame speed during combustion, hence the power developed. Air humidity at high
percentages affects combustion by diminishing flame speed [36-38].
Emissions models developed should account for the impact of these variables on
emissions. But, estimating motor vehicle emissions requires the ability to predict or measure the
different parameters over the entire operating region. However, current modeling approaches do
not have the capability to provide these accurate estimates. This supports the contention that
there is a need for an emissions model that can produce precise estimates.
2.4

Parametric Diesel Engine Model
The aim of parametric engine modeling is to predict the engine performance and

variables that are difficult to measure. Advanced engine control systems require accurate models
of the thermodynamic mechanical process, which are substantially non-linear and often timevariant. Currently, these non-linear processes are represented by grid-based look-up tables.
2.4.1

Model- based control design
The term “model-based” is used when control law or diagnosis technique need a model of

engine system to be computed. Model-based control and diagnosis design should reproduce time
evolution of engine output according to inputs variable change. Complexity of these models must
comply with control techniques, thus a compact form is often preferred.
2.4.2

Software-in-the-loop Simulation
Control system implementation needs a software simulator for off-line testing of control

algorithms. An engine simulator allows for investigation of engine behavior and refined tuning
of control parameters before experimental validation.
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2.4.3

Real-time Model
Real-time engine models are necessary for hardware-in-the-loop (HiL) simulations [41,

42]. The goal of HiL simulation is to test real hardware on simulated components in order to
avoid the high-cost of experiments in a test cell. As an example, HiL may consist of coupled
simulation of an electronic control unit and engine model implemented on a real-time computer.
Mathematical modeling of internal combustion engines is a far reaching subject. In the
development of engine models there are three main steps.
•

Thermodynamic models, used for engine design

•

Empirical models, used for primary control investigation

•

Non-linear models, used for engine simulation and control design
Many diesel engine development programs concentrate almost exclusively on steady state

and transient tests performed on dynamometers to benchmark engines performance. As evident
from the on-road studies conducted, the engine’s sub-systems interact differently under realworld conditions as compared to laboratory evaluation. Hence, the model development technique
performed using on-road data obtained under real-world conditions can help resolve the problem
of covering the entire matrix of operation of the engine under actual driving conditions.
Few model-based engine control strategies that are currently in use have been published.
Even fewer, if any, publications are devoted to control strategy development using on-road data.
Some of the work on model development for control design at different organizations is
discussed below.
A new training algorithm called Local Linear Radial Basis Fuction Network (LOLIMOT)
for online adaptation of look-up tables was introduced at the Darmstadt University of
Technology, Germany. This algorithm based on fast neural network, was shown to reduce the
convergence time considerably [43].
At the University of Wisconsin Madison, neural network was employed for engine
predictions and optimization studies. The neural networks developed were used to predict soot,
NOx, in-cylinder pressure and temperature [44, 45].
Research was conducted on the automatic, unmanned, closed-loop optimization of
driveability quality on a high-dynamic engine test bed [45]. Tools were developed for the
purpose of automation of ECU calibration. The software developed included (1) AVL-DRIVE,
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for objective real-time driveability evaluation tool for applications in the vehicle, on test beds
and in simulation, (2) AVL-PUMA, for dynamic engine testing plus simulation of the vehicle;
and (3) AVL-CAMEO, for optimization of the ECU parameters according to the specified
driveability target.
Control systems for diesel engines developed at Caterpillar, employ mathematical models
of control strategies. These models are developed using simulation software called Dynasty.
Dynasty integrates simulations of thermodynamic, mechanical, structural, fluid, hydraulic,
electrical, and digital systems to predict system behavior. This enables development of better
design concepts, optimizes current designs, develops control strategies, and analyzes
performance [46].
For advanced engine calibration techniques, new simulation tools and procedures were
developed at Delphi Research Labs to rapidly generate optimized calibration maps. GT Power
Engine is a simulation software employed and engine models are validated through limited
dynamometer tests [48].
A model-based control of fuel injection parameters of a diesel engine equipped with a
high pressure, common-rail injection system was researched at Tsinghua University. A new
modeling technique which constitutes Neural Network and Adaptive Neuro-Fuzzy Inference
System (ANFIS) was developed. The analysis and experimental results demonstrated that
effective modeling can be achieved using this method [49].
Research at the University of Oulu, Finland, demonstrated the application of ANFIS, to a
non-linear multi-input single-output fuel feeding and combustion system. The ANFIS model
developed determined the exact amount of fuel fed to a combustion chamber [50].
At present, model-based control systems are used as a tool to reduce the lengthy design
time required by the traditional design process by performing many design iterations early in a
vehicle program. These models encompass the uncertainties arising from lack of complete
knowledge of behavior of emission rates due to limitations of data availability and nonrepresentativeness of measured data with respect to true on-road vehicle emissions.
2.5

Overview of Engine Certification
In the past, the engine certification test entailed exercising the engine through two

Federal Test Procedure (FTP) cycles, a ‘cold start’ and a ‘hot start’ [10]. The regulated emissions
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limits for an engine operating on FTP cycle for different engine model years are given in Table
2-1 [10, 51].
Table 2-1 Emissions standards for heavy-duty diesel engines
Year

HC (g/bhp-hr)

CO (g/bhp-hr)

NOx (g/bhp-hr)

PM (g/bhp-hr)

1990

1.3

15.5

6.0

0.60

1991

1.3

15.5

5.0

0.25

1994

1.3

15.5

5.0

0.10

1998

1.3

15.5

4.0

0.10

On October 6, 2000 EPA published Not-To-Exceed (NTE) rules and regulations for
heavy-duty diesel engines (65 Fed. Reg. 59895) effective for engines starting with model year
2007 [4]. NTE provisions were also incorporated into the regulations promulgated shortly
thereafter requiring further reductions in emissions from heavy-duty engines (66 Fed. Reg. 5001
January 18, 2001). Briefly, the NTE provisions specify brake-specific averaging periods as short
as 30 seconds. Under these provisions, testing is restricted to a limited region of engine
operation. Namely, when all of the following conditions are simultaneously met for at least 30
seconds, an NTE event is generated. Note, however, that if an aftertreatment system were to
regenerate during this time, the minimum time under which all of these conditions must be met
would increase to at least twice the regeneration interval [see Figure 2-1]:
1. Engine speed must be greater than 15% above idle speed.
2. Engine torque must be greater than or equal to 30% of maximum torque.
3. Engine power must be greater than or equal to 30% of maximum power.
4. Vehicle altitude must be less than or equal to 5500 feet.
5. Ambient temperature must be less than or equal to 100 degrees F at sea level to 86 degrees F
at 5500 feet.
6. Brake-specific fuel consumption (BSFC) must be less than or equal to 105 % of the minimum
BSFC if an engine is not coupled to a multi-speed manual or automatic transmission.
7. Engine operation must be outside of any manufacturer petitioned exclusion zone.
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8. Engine operation must be outside of any NTE region in which a manufacturer states that less
than 5% of in-use time will be spent.
9. For EGR-equipped engines, the intake manifold temperature must be greater than or equal to
86-100°F, depending upon intake manifold pressure.
10. For EGR-equipped engines, the engine coolant temperature must be greater than or equal to
125-140° F, depending on intake manifold pressure.
11. Engine aftertreatment systems’ temperature must be greater than or equal to 250°C.
The ESC speed is calculated as follows [53]:

η 15 % ESC

Speed

= η lo + 0 . 15 (η hi − η lo )

where ηlo is the lowest engine speed at which 50% of the maximum power is available and ηhi is
the highest engine speed where 70% of the maximum power occurs.
The emissions standards for different model year engines are listed in Table 2-2 and Table 2-3.
Table 2-2 HDDE emissions standard in compliance with the consent decrees
NOx
(g/bhp-hr)

CO
(g/bhp-hr)

HC
(g/bhp-hr)

PM
(g/bhp-hr)

Euro III
Composite
Value Limit

After Dec
31, 1998

6.0 (or)
1.5*FTP Standard

15.5

1.3

0.10

NTE Limit

After Dec
31, 1998

7.0 (or)
1.75*FTP
Standard

15.5

1.3

0.10
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Figure 2-1 Graphical definition of NTE zone for gaseous emissions [53]
Despite significant advances in capabilities of modern engine and chassis dynamometers,
and the accuracy and sensitivity of gas analyzers, it has been observed that in-use, on-road
emissions testing is imperative. Tunnel studies and on-road data have indicated that emissions
differ significantly from those predicted by emissions models [8]. Hence, an in-use testing
program was developed by the engine manufacturers as reflected in the Consent Decrees [52].
The details of the in-use testing program are discussed in detail elsewhere [11-14].

19

Table 2-3 HDDE emissions standards for post-2001 engines

FTP Limit

After
Oct 1,
2002
2007
and
later

Euro III
Composite
Value Limit

NTE Limit

2.6

After
Oct 1,
2002
After
Oct 1,
2002

NOx+ NMHC
(g/bhp-hr)
2.5 (if
NMHC <
2.4
0.5
g/bhp-hr)
0.20

2.4 (or)
1.0*FTP
Standard
3.0 (or)
1.25*FTP
Standard

CO
(g/bhp-hr)

HC
(g/bhp-hr)

PM
(g/bhp-hr)

15.5

1.3

0.10

N/A

0.14 (NMHC)

0.01

15.5

1.3

0.10

15.5

1.3

0.125 (or)
1.25*FTP
Standard

N/A
2.5 (if
NMHC <
0.5
g/bhp-hr)
3.125 (if
NMHC <
0.625
g/bhp-hr)

On-Board Emissions Measurement Systems
On-board measurements of vehicle and/or engine performance and exhaust emissions can

help in studying the effectiveness and proper functioning of heavy-duty emission control
technologies and devices. As mentioned earlier, the real-world emissions may be significantly
higher than the emissions standards. By providing second-by-second emissions data, the onboard measurements can identify operating modes that produce high emissions. Hence, there is a
need for development and implementation of accurate and precise on-board emission
measurement systems for measuring these parameters.
Various research organizations and institutes have been involved in the development and
usage of an on-board emissions measurement system. Some of them include Caterpillar Inc.,
Southwest Research Institute, General Motors, US Coast Guard, Flemish Institute for
Technological Research, Northeast States for Coordinated Air Use Management (NESCAUM),
Ford Motor Company, WPI-Microprocessor Systems Inc., University of Pittsburgh, EPA, Honda
R&D, Nicolet Instrument Corp., Sensors Inc., Keio University, University of Alberta, Horiba
Ltd., CE-CERT, Analytical Engineering Inc., National Center for Environmental Research,
Engine Fuel and Emissions Engineering Inc., Clean Air Technologies International Inc., and
North Carolina State University (NCSU). The details of research and development at these
organizations have been discussed in detail elsewhere [53-80]
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WVU developed an on-board emissions measurement system called the Mobile
Emissions Monitoring System (MEMS). The details of emissions measurement of NOx and CO2
using the MEMS is discussed in detail elsewhere [11,14,53]. In this study, the MEMS was used
for emissions measurement of NOx and CO2. The on-road routes used for testing represent
typical in-use vehicle applications, and consist of both urban and highway segments. Two of the
routes are comprised primarily of urban driving, while the other two routes are principally
highway cycles. The in-use testing routes are described in Section 3 [11-14].
The data obtained from on-board emissions measurement systems have been used to
evaluate the real-world performance of heavy-duty diesel engines. Some of the studies that were
made using the on-board measurement devices are discussed below.
2.6.1

NCSU
Different studies were conducted using the on-board emissions measured using OEM-

2100m such as emissions reduction through better traffic management, obtaining vehicle-specific
emissions models, and comparison of emissions from vehicles using B20 and diesel fuel. These
studies were aimed at on-board measurements that would aid in understanding the episodic
nature of emissions, on-road emissions hotspots, effect of traffic patterns, effect of fuel
variability, and inter-vehicle variability in emissions [81-83].
2.6.2

Texas Southern University
Research was conducted to collect real-world vehicle emissions and activity data on

freeway, arterials, and local streets in Houston, Texas. Researchers used the Portable Emissions
Measurement system (PEMS) to analyze the characteristics of on-road vehicle emissions and
evaluate and validate the mobile source emission factor model MOBILE6. It was inferred that
the vehicle emissions are highly related to road types and the truck emissions were higher when
driving around intersections [83].
2.6.3

University of Alberta
An on-board system was developed to measure and record ambient conditions, driving

behavior, vehicle operating parameters, fuel consumption and exhaust emissions [84, 85]. The
system employs a Vetronix PXA-1100 five-gas analyzer, which uses a combination of infrared
absorption and fast response chemical cells to measure NOx, CO, CO2 and O2. Air mass
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consumption rate was measured using a Siemens HFM 62B mass airflow sensor. The data
acquisition system recorded the data from the analyzers and the sensors.
2.6.4

Keio University
A study was performed using a simple on-board emissions measurement system of actual

NOx emissions of a medium-duty freight vehicle [84,85]. The NOx mass emissions were
calculated by using Zirconia NOx sensor and Karman vortices sensor. Engine power was
estimated from multiplying vehicle speed by a running resistance that can be calculated from
rolling resistance, airflow resistance, climbing resistance, and acceleration resistance. The study
demonstrated that on-board measurement system could be used to evaluate road infrastructure,
driver’s operation, vehicle running conditions, and NOx and CO2 emissions.
2.6.5

University of California, Riverside
Real-world continuous engine-out and tailpipe emissions were collected on 340 light-

duty vehicles using an on-board emissions measurement system. A comprehensive modal
emissions model was developed and integrated with a variety of transportation models.
Variability in emissions of CO2, HC, CO, and NOx were observed over different driving modes
[23-25, 40].
2.6.6

University of California, Davis
The variables that affect the on-road emissions such as load factors, terrain gradient,

truck payload, overnight idling, and compression braking were studied to quantify the
significance of these variables on a heavy-duty diesel vehicle. The EPA’s on-road emissions
testing trailer was used for the purpose, measuring emissions and vehicle operation
simultaneously on-road [87, 88].
2.6.7

West Virginia University
Using the MEMS, on-road in-use emissions were measured for different heavy-duty

vehicles. The brake-specific emissions were calculated over the NTE zone of operation. Results
showed that the NOx emissions were higher than the certification levels when operated in the
NTE region [11-14].
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On-board emissions measurements have emerged as a promising new approach for
obtaining representative real-world tailpipe emissions data based upon actual on-road driving.
The increasing availability of instrumentation for performing on-road emissions studies, the
development of data collection and analysis protocols, and the increasing availability of example
on-board studies suggest that on-board data collection is a potentially practical and useful source
of data for the NOx predictive model. Therefore, this study is aimed at exploring the potential of
on-board data to play an important role in the NOx predictive model, and to make
recommendations for the development of models and measurement of data needed to support the
NOx predictive model.
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3 VEHICLE TESTING AND DATA COLLECTION
Prior to developing a predictive HDD vehicle NOx emissions model, it was necessary to
collect required data through a vehicle testing program. Based on the background information
described in the previous chapter, a vehicle testing methodology was developed that has
provided data for developing the emissions model. This vehicle testing methodology consists of
several key components:
1) Defining the vehicle/technology categories for the heavy-duty modules
2) Using the vehicle/technology categories for guidance, determining a vehicle
recruitment strategy; and
3) Developing an on-road test procedure for the measurement of heavy-duty modal
emissions.
The majority of the data collection was performed using WVU’s MEMS described first
in Section 4.1. Next, the three components outlined above are described in detail. The fifth
section describes the emission testing that has been performed. The last section of this chapter
describes the data post-processing that took place.
3.1

Overview of Mobile Emissions Measurement System
The various components of WVU’s MEMS are briefly described in the following section.

The measurement of mass requires the measurement of both concentration of species and total
exhaust mass flow rate. Also, the measurement of engine speed and torque is needed for brakespecific emissions calculations. The measurements of brake-specific emissions are discussed
elsewhere [11-14].
3.1.1

Flow Rate Measurement System
Yaw angles are important when measuring flow rates. However, most pitot-tube-based

devices accommodate considerable yaw angles without significantly affecting the measurement
errors. Hence for MEMS, exhaust mass flow rates were measured with a Dietrich Standard
AnnubarTM [89]. The Annubar is a multi-point averaging pitot tube that works on the principle of
Bernoulli’s theorem. Of the different configurations of the AnnubarTM, the regular threaded PakLok assembly (Model DCR+15S or Model DCR+25S) was used for the measurement process.
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Flow rate calculations required accurate measurements of differential and absolute pressures, and
the exhaust gas temperature. Various transducers that were used and their operating ranges are
given in Table 3-1. Stranded wire thermocouples leads are much better suited to the rigors of inuse testing and were used for temperature measurement. In order to prevent condensation in the
differential pressure lines, heated blanket insulation was used. Moreover, active temperature
control of pressure transducer and lines enabled the reduction of the amount of drift associated
with the pressure transducer zero and eliminated the condensation problem.
Table 3-1 Operating ranges of transducers used
Transducer (Model)

Operating Range

Absolute Pressure (Omega PX-213)

0-100 kPa, 0-200 kPa

Differential Pressure (Validyne P55D)

0-0.2 m, 0-0.25 m, 0-56 m H2O

Relative Humidity (Omega HX92-A)

3 to 95%

Temperature (J and K)

0-550ºC

The sampling probe that was placed in the exhaust stream complied with the regulations
set by the 40 CFR, Part 89.412.96. The stainless steel probe, which has six ports along its
periphery, was placed span-wise across the flow so that a representative sample was drawn from
the exhaust stream. The other components of the exhaust sampling system included heated
Teflon line, heated filter and the pump. The heated Teflon sample line measuring 0.64 cm
(0.25”) on the outer diameter, was used to transfer the sample from the sample probe to the
heated filter. Heating the sample prior to any drying device prevents condensation. The MEXA
120 Zirconium Oxide NOx sensor was placed downstream of the heated filter and upstream of
the Air Dimensions Inc. Micro Dia-Vac sample pump. A NO2 to NO converter was incorporated
with the NOx sensor manifold to minimize space requirements. Downstream of the pump, a
custom-designed compact Peltier effect gas chiller removed moisture from the sample stream,
and provided an outlet dew point of approximately 5°C. In order to reduce the effect of inertial
effects, a differential pressure regulator, in conjunction with needle valves, controlled flow rate
to the CO2 analyzer and the electrochemical NO sensor to 3.0 LPM and 0.5 LPM, respectively.
Figure 3-1 shows the data acquisition, flow conditioning, and analysis systems of MEMS. A
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schematic of the sampling system is shown in Figure 3-2. The flowrate measurement system as
fitted on a test vehicle is shown in Figure 3-3.

Figure 3-1 Data acquisition, sample conditioning and analysis systems of MEMS
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Figure 3-2 Schematic of MEMS sampling System

Transducer Box

Annubar

Figure 3-3 Representation of the exhaust flow measurement system fitted to the test
vehicle
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3.1.2

Engine Speed, Torque, and Vehicle Speed Measurement
The ECU broadcast was used to record various engine and vehicle parameters including

engine speed and vehicle speed. The vehicle speed broadcast by the ECU could be used to infer
the distance traveled, which was compared with the GPS obtained vehicle speed. The ECU also
broadcasts engine load on a percent basis in pre-2001 vehicles that employ the SAE J1587
protocols, and engine torque from engines using the SAE J1939 protocols [90-92, 53].
3.1.3

Data Acquisition System
The data acquisition system (DAS) used by the MEMS was designed to withstand

vibrations encountered during on-road testing. As with any standard, SAE J1587 allows
manufacturers to customize the manner in which data is broadcast. Message Identification
(MIDs) addresses may vary from one manufacturer to the next, and components sharing the
same MID may cause potential problems when attempting to read data. The DAS was so
configured that it can adapt to a wide array of test vehicles and variety of signals. The DAS was
a computer platform constructed of National Instruments components which comprises the
computer platform, data acquisition card, signal conditioning unit and temperature and voltage
cards [53].
3.1.4

Power supply
The generator set mounted on the vehicle or on the trailer, dependant upon the test

vehicle platform fulfilled the power requirements of the current MEMS design. Surge protectors
were used for the DAS. Power conditioning was done using either single source or multiple
sources through individual power supplies and were critical for DC operation.
3.1.5

Exhaust Gas Analyzers
The MEXA 120 NOx analyzer which includes the zirconium oxide sensor, measured

concentrations of the oxides of nitrogen. The CO2 concentrations were measured using a solidstate non-dispersive infrared (NDIR) analyzer.
The choice of zirconium oxide sensor for NOx measurement is a prime example that
instrumentation must be largely tailor-designed to accommodate the rigors of in-use testing.
These sensors seem to be susceptible to failure when directly mounted in a raw exhaust stack if
ceramic temperatures are not maintained during engine operation. Moreover, the operating
temperatures may not be adequate to prevent PM build-up in the sensor, which can ultimately
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lead to catastrophic failure. Hence, the MEXA 120 Zirconium Oxide NOx sensor was placed
downstream of the heated filter, thus reducing PM build-up.
Interference of moisture in the exhaust gas stream could affect measurements using a
NDIR gas analyzer. Thus, in order to minimize this interference effect, the NDIR CO2 analyzer
was placed downstream of the thermoelectric gas chiller which removes moisture from the
sample stream.
3.2

Vehicle Testing Procedure
The in-use testing conducted in this study was performed by WVU in partial fulfillment

of the requirements of Phase III of the Consent Decrees. The EPA approved four routes that were
defined by WVU in consultation with the settling manufacturers. These routes were meant to
represent typical in-use vehicle applications, and consisted of both urban and highway segments.
Two of the routes were comprised of primarily urban driving, while two routes were principally
highway cycles. The following paragraph is a subsection of the Consent Decrees describing the
route criteria [52,13], and the in-use testing routes are described in the following sections.
“In Phase II of the In-Use Testing Program, the
manufacturer shall develop in-use testing procedures to be used in
connection with Phases III and IV of the In-Use Testing Program.
The development of in-use testing procedures shall be based on
testing of HDDE's engages in a variety of typical on-road
emissions, and in a variety of seasonal conditions, and shall utilize
engines extending over various stages of their Useful Life. The
testing procedures shall include the identification of candidate
driving routes representing typical urban, suburban and highway
driving. The candidate routes shall be of sufficient length to take
45 minutes of data when driven at posted speeds. At least one (1)
candidate driving route shall include a portion where at least 15
minutes of operation at 65 mph or greater is permitted and
generally attained by trucks. The test routes must be long enough
in duration to log a suitable amount of data for proper analysis, but
not so long that the proper calibration of instrumentation is voided
and sensor drift occurs.”
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WVU has developed several test routes that have been used throughout the test phases of
the Consent Decrees in-use testing program. The data that are presented in this study were
collected over the test routes that are discussed in the following sections.
3.2.1

Morgantown Test Route
The Morgantown route (Mrgtwn), which consists of both urban and highway operation,

begins and ends on Earl Core Rd at the I-68 interchange in Morgantown, WV. The route
continues west to Hartman Run Rd and south onto the Mileground Rd. The next section of the
route then continues on Rt. 705 North to Chestnut Ridge Rd to Van Voorhis Rd. The route
follows onto Patteson Dr and then north onto Monongahela Blvd to Star City. The route then
continues onto Osage Rd to I-79 South to I-68 East. At exit 4 on I-68 East, the Morgantown
route makes its way back to Earl Core Rd to complete the loop. The total distance for this route
is 20.5 miles. The test route is shown in Figure 3-4. A plot representing typical engine speed,
engine torque, and vehicle speed during the route is given in Figure 3-5.

Figure 3-4 Mrgtwn Route
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Figure 3-5 Representation of engine speed, engine torque,
and vehicle speed during Mrgtwn test route

3.2.2

Pittsburgh Test Route
The Pittsburgh test route is comprised of four test runs: Sab2Wash, WashPA1, WashPA2,

and WashPA3 or WashPA32Sab. The route begins and ends in the greater Morgantown, WV,
area and continues in between through West Virginia and Pennsylvania. The total length of the
Pittsburgh test route is 154.3 miles. The entire route is mapped in Figure 3-6. Each run is
described in the following sections.
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Figure 3-6 Pittsburgh Test Route
3.2.2.1 Sab2Wash
The Sabraton to Washington, PA, route (Sab2Wash), which consists of highway
operation, begins at the interchange of Earl Core Road and I-68 in Morgantown, WV. It
continues on I-68 West to I-79 North. The route continues on I-79 North into Pennsylvania, and
ends alongside the exit ramp at Exit 19B on I-79 North in Washington, PA [Shown in Figure
3-7]. The total distance for this route is 52.7 miles. A plot representing typical engine speed,
engine torque, and vehicle speed during the route is given in Figure 3-8.
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Figure 3-7 Sab2Wash test route
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Figure 3-8 Representation of engine speed, engine torque,
and vehicle speed during Sab2Wash test route
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3.2.2.2 WashPA1
The first Washington, PA, route (WashPA1) consists of urban traffic operation. The
route begins at Exit 19B on I-79 North and continues north on Rt. 19. The route ends at a
pullover on the side of Rt. 19 outside of Upper St. Clair, PA [Shown in Figure 3-9]. The total
distance for this route is 12.1 miles. A plot representing typical engine speed, engine torque, and
vehicle speed during the route is given in Figure 3-10.

Figure 3-9 WashPA1 Test Route
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Figure 3-10 Representation of engine speed, engine torque,
and vehicle speed during WashPA1 test route
3.2.2.3 WashPA2
The second Washington, PA, route (WashPA2) consists of both urban and highway
travel. It begins at the pullover area outside of Upper St. Clair, PA, and follows Rt. 19 through
Mt. Lebanon, PA, to I-279, just south of Pittsburgh. The route then follows I-279 South to I-79
South to the rest area at Bridgeville, PA, where the route ends. The total distance for this route is
23.1 miles. The WashPA2 route is mapped below in Figure 3-11. A plot representing typical
engine speed, engine torque, and vehicle speed during the route is given in Figure 3-12.
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Figure 3-11 WashPA2 Test Route
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Figure 3-12 Representation of engine speed, engine torque,
and vehicle speed during WashPA2 test route
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3.2.2.4 WashPA3 / WashPA32sab
The WashPA3 and WashPA32Sab routes begin at the southbound rest area on I-79 South
at Bridgeville, PA. The routes continue on I-79 South into West Virginia. The WashPA3 route
stops at the first rest area on I-79 South in West Virginia. The total distance for the WashPA3
route is 51.8 miles. The WashPA32Sab route stops at the end of the ramp at Exit 4 on I-68 East
on Earl Core Rd. The total distance for this route is 66.4 miles. The WashPA32Sab route is
mapped in Figure 3-13. A plot representing typical engine speed, engine torque, and vehicle
speed during the route is given in Figure 3-14.

Figure 3-13 WashPA32Sab Test Route
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Figure 3-14 Representation of engine speed, engine torque,
and vehicle speed during WashPA3 test route
The original Morgantown and Pittsburgh routes began and ended at 1462 Earl Core Rd in
Morgantown, WV. However, due to construction, the start/stop point for the test routes was
shifted 1.2 miles southeast to the interchange of Earl Core Rd. (Rt. 7) and I-68.
3.3

In-use Testing
The routes described above were used to generate the on-road vehicle emissions data for

engines from each SHDDE, and they are summarized in [11-14]. Drivers drove the vehicles
through the different test routes, while WVU engineers and technicians operated the emissions
measurement systems.
3.4

Quality Assurance of Exhaust Emissions Test Data
The test data quality assurance procedure must be able to process the acquired test data,

point to acquisition problems or experimental errors, accept or reject an experimental data
acquisition file, and extract further information concerning the overall operation of the system.
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A preliminary quality assurance procedure [93] comprising of a number of simple steps is
formulated in this study and is described in the following sections. These steps include a number
of qualitative and quantitative processes.
The exhaust emissions test procedures and equipment usually encounters several types of
errors and common problems in experimental results that can be summarized as follows:
•

unphased data (different measurements, piping length, and response time of the analyzers, as
well as delays in the measurement chain, affect the correct phasing of the emission
concentrations);

•

inconsistent measurement scales and response between analyzers (rapidly changing emission
concentrations from high to low levels and vice versa, oscillations of analyzer
measurements);

•

condensation of gas phases in the measurement lines;

•

reduction in efficiency of operation of heated elements (effect of temperature fluctuations);

•

errors due to leakage in sampling lines;

•

communication loss with ECU and other devices;

•

missing data due to data transfer frequency of the data acquisition devices; and

•

method of determination of a valid NTE event.
Exhaust emissions measurement involves a number of transient measurements. Therefore

it is important that analyzers with good response times be used. Additionally, due to the
multitude of measurement techniques employed in the recording of time series of exhaust gas
species, mass flow rates, and temperatures, it becomes important to monitor the quality of the
data acquisition. The following section presents a number of qualitative and quantitative
measures for improving the data quality and accuracy. The techniques have been successful in
exhaust emissions test data processing and reporting.
3.4.1

Data Collection Stage
There are a number of steps that can be taken during data collection to reduce

experimental errors and improving the accuracy of the data. They are listed below:
3.4.1.1 Setting Temperature of Heated Elements
The heated elements of the MEMS sampling system include the heated line, the heated
filter, and the heating element in the NOx converter. The heated line was maintained at 275°F,
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the heated filter at 300°F, and the converter at 375°F. Earlier studies have shown that the
converter efficiency is the highest when the temperature of the catalyst is maintained at about
375°F [9-12]. This additional NOx sensor housed in the exhaust sampling system is employed
for quality assurance purposes.
3.4.1.2 Calibration of MEXA NOx and EC NOx Analyzer
The analyzers were calibrated with a Horiba SGD-710C gas divider using gas bottles of
known concentrations. The concentrations of gases used were dependent on the maximum
concentration in the exhaust of the engine being tested to limit the uncertainty error from the
analyzer. Also, the calibration gases used were ±1% accurate. A three-way valve was placed at
the entrance of the heated sample line, which allowed the calibration line to be connected to the
analyzer without removing the heated line. The calibration procedure was performed before each
test, which included a three-point calibration for the Horiba MEXA 120 and the electrochemical
NO cell. Calibration curves for the two analyzers are given in Figure 3-15.
3.4.1.3 Calibration of CO2 Analyzer
The calibration procedure for the Horiba BE140 is performed in a similar manner as the
NOx analyzer which includes a zero and a span of the concentration of the gas used.
3.4.1.4 Calibration of Differential and Absolute Pressure Sensor
Multi-point calibration curves were developed for the absolute and differential pressure
transducers using a Heise™ PTE-1 pressure calibrator. Barometric pressure readings (taken prior
to each test) were used to re-set the calibration curve intercepts of the absolute pressure in order
to account for sensor drift. Similarly, pre-test calibration also included zeroing the differential
pressure transducer.
3.4.1.5 Calibration of Annubar T1 And T2 Sensor
The different temperature sensors were calibrated using the Fluke temperature calibrator.
The calibration curve for one of the temperature sensors is shown in Figure 3-15. The calibration
curve for the temperature sensor is given in Figure 3-15.
After the calibration is performed for each analyzer and sensor, the R-Squared value of
the curve fitted are checked with a predetermined pass/fail criteria which 0.9. If the calibration
curve does not meet the criteria then the calibration process is redone.
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3.4.1.6 Data Acquisition, Synchronization, and Preprocessing Stage
After the initial calibration of the different sensors and analyzers, the vehicle fitted with
the MEMS unit is tested on-road over specific routes. The data from the sensors, analyzers, and
ECU broadcast are collected using the DAQ system described earlier. The raw experimental data
are time series of gas species concentrations, temperatures, differential and absolute pressures,
vehicle speed, engine speed, engine load, and injection timing. Raw data acquired using the
DAQ system is preprocessed where it is reduced using a WVU developed software. The
following steps are taken to produce data that can be used for further analysis, which include
checking for completeness and phasing of raw data.
3.4.1.7 Parsing Bad Data
There are numerous instances where the data generated during an on-road test may be
incomplete, a few of which are listed below.
•

The power supply could be interrupted with the generator turned off during the testing and no
data would be collected.

•

The cables from the various sensors could get disconnected during testing and no data would
be logged.

•

A traffic incident for instance an accident would require termination of the test and the data
could be used for further analysis.

•

The DAQ system could lose communication with the different analog devices.

3.4.1.8 Phasing Of Raw Data
Carbon dioxide and NOx emissions from internal combustion engines are affected
primarily by engine power while also dependant on a number of other factors. According to the
above reasoning, a valid time correlation of the signals of interest in the present methodology can
be attained by means of the following major steps. The difference in the phased and unphased
data series is shown Figure 3-16.
3.4.1.9 Complementing Missing Data
There are a few instances where the data collection frequency can be limited by the
operating speed of the communication devices. Limited by this criteria, there would be some
missing data for a short interval. If data is missing, interpolation is done for engine speed, torque,
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and timing. The interpolation is limited to only 5 seconds. If interpolation is need for more than 5
seconds, a flag is generated denoting a longer interval of missing data.
ECU vehicle speed broadcast might be lost for a few seconds or there might be a glitch in
the value as shown in Figure 3-17. These values are smoothed and the data processing is done.
3.4.2

Qualitative Observations
In order to perform the qualitative observations on the operation of the engine over

different routes, the results are compared with the respective figures existing in the database.
Implications of the type of engine, its displacement, management system, and the exhaust
treatment system installed are employed in the cross-checking of the data. For instance, flow
from a 12.0 liter engine cannot be 100 liters and the bsNOx values for the engines should be
within some reasonable value of the certified limits.
3.4.3

Quantitative Calculations
The quantitative observations are performed with the assistance of several calculations

and graphs produced by the software. Such graphs include continuous emissions of exhaust gas
species, as well as a number of cross-checking calculations.
3.4.3.1 Comparison of Concentrations Of Mexa And EC NOx
The concentration values of MEXA NOx and the EC NOx are compared. The plot
showing the comparison of the shifted and humidity-corrected concentration values from both
the analyzers are shown in Figure 3-18. It should be noted that the MEXA NOx measures the
NOx values on a wet basis while the EC NOx placed downstream of the chiller measures on a
dry basis. A humidity correction factor [13] is applied and both the measurements are reported
on a wet basis and compared.
3.4.3.2 Comparison of ECU Broadcast and GPS Vehicle Speed
The GPS vehicle speed and ECU broadcast vehicle speed are compared. The plot
demonstrating the comparison is shown in Figure 3-19. In order to calculate distance-specific
emissions, the distance traveled during each route was calculated from either the ECU broadcast
or GPS vehicle speed. As a default, the ECU broadcast vehicle speed is used for distancespecific emissions calculations. The total miles traveled during a test route were inferred from
both the ECU broadcast and GPS vehicle speeds are compared.
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3.4.3.3 Comparison of ECU Broadcast and Percent Load Inferred Torque
The ECU’s on the engines used in this study broadcast engine load both on a percent
basis and total load basis. The manufacturer-supplied lugcurve is used to infer torque values
from the broadcasted percent load values. This is explained in earlier sections. The value of
engine torque calculated from the broadcast percent load is designated as inferred load in this
study. The ECU broadcast torque and the inferred torque using the broadcast percent load and
the lugcurve are compared. The comparison is shown in Figure 3-20.
3.4.3.4 Comparison of ECU Broadcast and Emissions Derived Fueling Rate
The instantaneous concentration values of CO2 measured during the test conducted can
be used to calculate the mass of fuel consumed during the test. The calculations are done as
mentioned in the CFR 40, Part 86. The total fuel consumed during the test can also be inferred
from the ECU broadcast fueling rate. The comparison of instantaneous fuel rates is shown in
Figure 3-21. This comparison could also suggest possible leaks in the exhaust system. Normally,
a percent difference of 10% is used as an acceptable value.
3.4.3.5 Checking Temperatures of Heated Elements
As mentioned earlier, the temperature of the heated elements is critical in their operation.
The sampling lines are heated to about 250°F so that the moisture in the exhaust does not
condense. The NOx converter is maintained at 425°F for the catalyst to enable the conversion of
NO2 to NO. Another important element in the sampling system is the chiller. The chiller based
on Peltier cooling principle brings down the temperature of the exhaust sample below the dew
point temperature and thereby removes the moisture in the sample. If the temperature of the cold
side of the chiller is not below the dew point temperature, not all the moisture in the exhaust will
be removed. The performance of the chiller is dependent on the ambient air temperature. One
other problem could be that the chiller temperature drops below freezing, thereby clogging the
chiller and restricting flow. Therefore, it becomes important to check the operating temperature
of the chiller during the test run. The normal operating temperatures of the different elements of
the exhaust sampling system is shown in Figure 3-22.
3.4.3.6 Comparison of Exhaust Flow Rates
The exhaust flow measurement system described in the earlier section is used to calculate
the exhaust flow. The flow rate measured is used to calculate the mass basis of emissions. It is
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critical that the flow measurement values are accurate in order to produce accurate results. The
exhaust flow rate calculated based on the engine configuration and the operating parameters the
exhaust flow is calculated. This calculated value is compared with the measured value. If the
percent difference is more than 5% between these two values, the test is voided. Possible causes
for error would be leaks in the exhaust measurement system, and steps are taken to reduce this
error.
3.4.3.7 Determination of Valid NTE Event
For this study, the brake-specific emissions in the NTE zone of operation is of interest. In
this study, the leading average of the engine operating conditions that define the NTE zone is
used to determine if the engine is operating in the NTE zone.

Figure 3-15 Calibration curves for the analyzers and sensors used in MEMS
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Figure 3-17 Time series of vehicle speed showing spikes at certain points
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Figure 3-19 Comparison of ECU broadcast and GPS vehicle speed
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Figure 3-21 Comparison of fueling rate from ECU broadcast and calculated from emissions
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Figure 3-22 Plot of operating temperature of different elements of the exhaust sampling
system
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Figure 3-23 Representation of exhaust flow rate and the error in measurement of exhaust
flow rate for an on-road test
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4 HDD NOX EMISSION MODEL DEVELOPMENT
Many vehicle emission models, such as the speed dependent models which are used
widely, are overly simple. Other models are sufficiently complicated as to require excessive
inputs and calculations, which can slow down computational time. It has been widely recognized
that models based on the average speed from fixed driving cycles, such as the US EPA’s
MOBILE 6, do not adequately capture the effects of driving and vehicle dynamics on emissions
[25]. Therefore, their applicability is limited to the estimation and forecasting of large-scale
emissions inventories.
Emission models can be classified into emission maps, statistical models, and load-based
models. Although easy to generate and use, emission maps are not satisfactory because they can
be highly sensitive to the driving cycle that was used to calibrate them. Purely statistical models
typically consist of linear regressions that employ functions of instantaneous vehicle speed and
acceleration as explanatory variables. These models can lack a clear physical interpretation and
can also overfit the calibration data due to a large number of explanatory variables. Load-based
models simulate, through a series of modules, the physical phenomena that generate emissions.
However, these models are quite complex and, when applied to the entire flow of vehicles in a
network over a period of time, the computational effort can be high.
Engine calibration processes during engine development employ modeling techniques,
but these methods are detailed and require extensive laboratory and on-road testing during
development. Also, due to the proprietary nature, there is a dearth of published literature on these
models.
In the development of an emissions prediction model, it is important that physical insight
play a role, and this approach was pursued in this effort. Also, it was critically important that
there be a good empirical basis for the model. It was typically the case for many models that the
model outputs are most critically sensitive to only a subset of all possible model inputs.
Therefore, it was not necessary, useful, or practical to exhaustively include all possible inputs.
Cullen and Frey [81-83, 94-96] and others discuss issues of model complexity, aggregation, and
exclusion that are relevant here. A model should have a clear data quality objective and clear
criteria regarding the desired domain of applicability. The domain over which the model was
valid should ideally correspond to the domain for which model predictions are desired. In this
effort, the domain is chosen to be the Not-to-Exceed region.
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The complexity of a model is characterized by the number of inputs, and by the function
form of the equations. Complexity and size are two different issues, however. A model may be
large but simple in that it may be composed of a large number of inputs but have a linear
functional form. A model can be small and complex because it might be highly nonlinear with
extensive interactions among the components. Complex systems are often hierarchies, which can
be described in terms of the "span" of each level in the hierarchy and in terms of the number of
levels. A simple model may have repetitive components at only one level. It is generally believed
that simple models are more limited in their applicability than complex models. For example, if a
simple model is a local linearized version of a more complex model, then the simple model will
provide accurate predictions close to some specific point but the accuracy of the predictions will
degrade as the model is extrapolated farther away from the calibration point.
For policy purposes, models should be made "as simple as possible, but no simpler" [9799]. This means that models should not contain any extraneous features that have no real bearing
on the policy applications of the model. Thus, if a model is to be used for development of modal
or macroscale emission inventories involving averages over a fleet of vehicles, for example, then
it may be extraneous to include excessive design details regarding individual vehicle make and
model among the inputs to the model. However, this does not mean that such considerations
should not enter into the process of developing the model. It only means that the final model
should be of an appropriate level of complexity consistent with its intended use. For example, a
complex, detailed, physical-based model could be developed initially to obtain fundamental
insights regarding key relationships that should be preserved in the final model, perhaps using
surrogate variables that are more readily measurable. Various methods, such as response surface
techniques or other sensitivity analysis methods [81-83, 93, 94] can be used to identify key
relationships in the complex model that should be preserved in a more simplified model intended
for wider use.
It is valuable to design a model that simultaneously obtains realistic results, is fast to run,
and is easy to calibrate in different situations. This chapter provides a general description of the
developed HDD truck emissions model, a simple statistical model for instantaneous NOx
emissions. In order to realistically capture the emissions behavior, the explanatory variables have
been obtained from the ECM broadcast which was captured by the on-board measurement
system. The model, due to its simple structure, is relatively easy to calibrate and requires less
computational time. The in-field data collected will be analyzed to establish the proposed
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objectives. Specifically, the analysis and modeling will focus on effects of parameters, such as
engine speed, engine load, injection timing, fueling rate, oil temperature, oil pressure, manifold
air temperature, manifold air pressure, and ambient conditions on exhaust emissions from the test
vehicles. Heavy-duty diesel vehicles have a variety of vehicle/technology categories, each
having different emissions and fuel consumption characteristics representative of the
vehicle/technology sub-model. The model developed would be specific to an engine family and
model year.
The chapter is organized as follows; Section 4.1 presents the modeling technique
employed; Section 4.2 presents the structure of the model; Section 4.3 describes the data used to
calibrate the model.
4.1

Overview of General Technical and Modeling Approach
The general modeling approach employed in this dissertation involves key considerations

which include performing an iterative approach to model development. The model development
also considers the empirical relationships observed in actual data. Quantification of variability
and uncertainty in model predictions is also performed. It should be noted that the model
predictions cannot be more accurate than the measurement accuracy.
When evaluating a data set and developing a model from the data set, it is important to
begin with hypotheses regarding relationships based upon physical insights. Such insights might
be obtained based upon previous work. For example, parametric experiments in laboratory
settings provide some indication of what are the key sensitivities of emissions to various factors,
such as engine load, engine speed, injection timing, and so on. Knowledge of these factors is
important in identifying "independent" or input variables to use in initial model development.
The emission modeling is developing relationships between emissions and explanatory
variables. It should be realized that the development of the functional form of a model should be
informed not only by a priori assumptions based upon theoretical expectations, but also upon
relationships that are inferred from the data. In this section, a mapping function is estimated that
relates input data, a set of parameters that affect the emissions, and output data, NOx. Since the
input data are multidimensional, while the output data reside on a non-negative portion of the
real line, a multidimensional regression analysis has to be involved [15]. Evaluation of a
multidimensional function using an input-output relationship is a complex problem. To reduce its
complexity, a two-step approach is proposed. During the first step, the dimensionality of input
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data is reduced. This is achieved by analysis of the physical relationships among parameters.
During the second step, the mapping function relating input and output data is estimated. This
process is called the calibration process. The estimated function is further tested using
verification data. Note that calibration and verification data do not overlap. The modeling
technique employed in this dissertation is the Multivariate Adaptive Regression Splines (MARS)
which is described in detail in Section 4.2.
Regression problems are used to determine the relationship between a set of dependent
variables (also called output, outcome, or response variables) and one or more independent
variables (also known as input, explanatory, or predictor variables). The dependent variable is
the one whose values you want to predict based on the values of the independent (predictor)
variables. Regression allows the researcher to ask (and hopefully answer) the general question
“what is the best predictor of.” A simple case of regression is the linear regressions where the
response variable is hypothesized to depend linearly on the explanatory variables. Linear
regression also falls into the category of so-called parametric regression, which assumes that the
nature of the relationships (but not the specific parameters) between the dependent and
independent variables is known a priori (e.g., is linear). By contrast, nonparametric regression
does not make any such assumption as to how the dependent variables are related to the
predictors. Instead it allows the regression function to be "driven" directly from data.
MARS is an implementation of techniques for solving regression-type problems, with the
main goal to predict the values of a continuous output variable from a set of independent or
predictor variables. MARS is a nonparametric regression procedure which does not assume any
underlying functional relationship between the dependent and independent variables. The
method is based on the "divide and conquer" strategy, which partitions the input space into
regions, each with its own regression equation. This techniques makes MARS becomes suitable
for problems with higher input dimensions.
4.2

Problem Statement and Proposed Solution
The major objective of this study is to determine the relationship between the emissions

NOx and the following set of input parameters: engine speed, load, air-fuel ratio, injection
timing, manifold air temperature, manifold air pressure, coolant temperature, and oil
temperature. This problem can be stated as a multivariate regression problem. Suppose that
N pairs of input-output parameters are available:

{yi , x1i ,L xmi }1N ,

where the dependent
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variable yi , i = 1,2..., N , is the i th measure of NOx and the predictor xli , i = 1,2..., N ,

l = 1,2..., m , is the i th measure of the l th parameter. It was assumes that the data

{yi , x1i ,L xmi }1N are related through the following equation
y = f ( x1 ,L , x m ) ,

(x1 ,L , xm ) ∈ D ⊂ R m

Equation 4-1

where f (⋅) is an unknown multivariate deterministic function and D is the domain of inputs.
Since the true mapping function in Equation 4-1 is not known, it is desired to have a function
fˆ ( x1 ,L , x m ) that provides a “good” approximation of the output data, assuming that this will

also result in a good approximation of the unknown function f (⋅) . The goodness of fit between
fˆ ( x1 ,L , x m ) and the output data is measured using the integrated mean square error (MSE)

MSE =

1
N

∑ [y
N

i =1

i

]

2
− fˆ ( x1i , L x mi )

Equation 4-2

Approximation of a continuous function using a finite amount of data is an ill-posed
problem [17-23], since an infinite number of continuous functions can pass through specified
data points. To regularize the problem, that is, make it well-posed, a restriction is imposed for the
solution fˆ ( x1 ,L , x m ) to functions residing in the linear space.
F = { f : f (⋅) = β 0 +

where {hm (⋅)}∞m =1

∑β

m∈M

h (⋅)},

m m

Equation 4-3

is a set of known basis functions and {β m }∞m =0 are coefficients of

representation. In this work, hm (⋅) is the spline basis function developed as:
hm (⋅) = ∏ [s k ,m ⋅ (x v (k ,m ) − t k ,m )]+ ,
Km

Equation 4-4

k =1

where s km are variables that take values ± 1 , v(k , m ) labels the predictor variables and the
t k ,m represents values on the corresponding variables. The quantity K m is the number of “splits”
that gives rise to each basis function β m . Here the subscript “+” indicates a value of zero for
negative values of the argument. The basis functions involved in (Equation 4-1) are known as
“hockey stick” basis function.

53

Then the problem of a continuous function estimation is reduced to finding a finite set of
parameters including the coefficients {β m }mM=0 , predictor variables xv (k ,m ) and “split point” t k ,m ,
that is,

β , xv*(k ,m ) , t
*
m

*
k ,m

1
= arg min
β m , xv ( k , m ) ,t k , m N

Km
M
⎡
⎤
∑
⎢ y i − β 0 − ∑ β m ∏ [s k ,m ⋅ (xv (k ,m ) − t k ,m )]+ ⎥
i =1 ⎣
m =1
k =1
⎦
N

Equation 4-5

To efficiently solve Equation 4-5, MARS approach is invoked. MARS searches over the
space of all inputs and predictor values (knots) as well as interactions between variables. During
this search, an increasingly larger number of basis functions are added to the model to minimize
a lack-of-fit criterion. As a result of these operations, MARS automatically determines the most
important independent variables as well as the most significant interactions among them [15].
4.2.1

Function Estimation

{ }

Now, given the estimated coefficients β m*

M

0

{

}

, basis functions hm* (⋅) 0 and operation
M

parameters describing a new measurement, the emission of the new measurement can be
predicted by taking the following steps:
1. Segregate operation parameters including engine speed, load, air-fuel ratio, injection
timing, manifold air temperature, manifold air pressure, coolant temperature, and oil temperature
from the raw data.
2. Predict the emission NOx by using the approximate function

{β }

* M
m 0

{

fˆ (⋅) with

}

and hm* (⋅) 0 , that is
M

M

fˆ ( x1i L x mi ) = β 0* + ∑ β m* hm* ( x1i L x mi ) , i = 1L N
m =1

where {x1i L x mi }1 are from the new measurements.
N

4.3

Multivariate Adaptive Regression Splines

There are a large number of methods available for this problem, such as linear regression,
nonparametric regression, neural network, etc. A simple case of regression is linear regression
where the response variable is hypothesized to depend linearly on the predictor variables. Linear
regression also falls into the category of so-called parametric regression, which assumes that the
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nature of the relationships (but not the specific parameters) between the dependent and
independent variables is known a priori (e.g., is linear). While parametric regression methods are
relatively easy to develop, they have a limited flexibility and work well only when the true
underlying relationship is close to the pre-determined function in the model.
Neural networks are also powerful tools to deal with data approximation or even model
multi-input multi-output systems. A significant disadvantage of neural network is that they are a
“black box.” The functions fit by neural network are difficult for people to understand.
MARS is a technique for solving non-linear regression-type problems. It makes no
assumption about the underlying function relationship between the dependent and predictor
variables. Instead, MARS constructs this relation from a set of coefficients and basis functions
that are entirely “driven” from the regression data. In addition, the approximate function can be
used to understand and explain the model. MARS is based on the "divide and conquer" strategy,
which partitions the input space into regions, each described by its own regression equation. This
technique makes MARS suitable for problems with higher input dimensions, where the curse of
dimensionality would likely create problems for other techniques [16].
4.3.1

Basis Functions

The core to build the MARS model is the “hockey stick” basis function. This two-sided
truncated functions shown in Fig. 8 map variable X to new variable X* by (Equation 4-6) (solid
line) or by (Equation 4-7) (dashed line):
⎧X − t
X * = ( X − t)+ = ⎨
⎩ 0

X ≥t
X <t

Equation 4-6

⎧t − X
X * = (t − X ) + = ⎨
⎩ 0

X ≤t
X >t

Equation 4-7

where t is the knot of the basis function.
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Figure 4-1 Basis Functions
4.3.2

MARS model

The basis functions, together with the model parameters, are combined to produce the
predictions given the inputs. The general MARS model equation is given as:
M

fˆ ( X ) = β 0 + ∑ β m hm ( X )

Equation 4-8

m =1

where {β m }0 are the coefficients of the model that are estimated to yield the best fit to the data,
M

and M is the number of sub-regions or the number of basis functions in the model. hm ( X ) is the
spline basis function developed as:

β m = ∏ [s k ,m ⋅ (x v (k ,m ) − t k ,m )]+
Km

Equation 4-9

k =1

where s km takes on values ± 1 , v(k , m ) labels the predictor variables, and the t k ,m represents
values on the corresponding variables. The quantity K m is the number of “splits” that gives rise
to each basis function β m .
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This model searches over the space of all inputs and predictor values (referred to as
“knots”) as well as interactions between variables. During this search, an increasingly larger
number of basis functions are added to the model to minimize a lack-of-fit criterion. As a result
of these operations, MARS automatically determines the most important independent variables
as well as the most significant interactions among them [17-19].
4.3.3

Model Selection and Pruning

In general, nonparametric models are adaptive and can exhibit a high degree of flexibility
that may ultimately result in overfitting [15], if no measures are taken to counteract it. Although
such models can achieve zero error on training data, they have the tendency to perform poorly
when presented with new observations or instances (i.e., they do not generalize well to the
prediction of “new” cases). In MARS, an optimal model is developed through a two-step,
forward/backward process. In the forward step, a model is grown by adding basis functions until
an overly large model is found. In the backward step, the basis functions, which no longer
contribute to the accuracy of the fit, will be removed. To make the MARS algorithm
computationally affordable, the maximum level of interaction between variables and the
maximum number of basis functions in the model are specified by the user.
A modified form of the generalized cross validation criterion (MGCV) is used as the
lack-of-fit criterion [20].

∑ (y
N

1
MGCV =
N

i =1

i

)

2
− fˆ ( X i )

2
~
⎡ C (M ) ⎤
⎢1 −
⎥
N ⎦
⎣

Equation 4-10

2
~
⎡ C (M ) ⎤
~
where ⎢1 −
⎥ is a complexity function, and C (M ) is defined as:
N ⎦
⎣

~
C (M ) = C ( M ) + d ⋅ M ,
where C (M ) is the number of parameters being fit and d represents a cost for each basis
function optimization and is a smoothing parameter of the procedure. Parameter d is set to the
default value of 3 as suggested in prior literature [15, 18]. This setting can be changed to any
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non-negative number by entering a new value. Setting the penalty higher will tend to favor a
smaller optimal model.
Ideally, the predictive performance of models fitted would be assessed by making
predictions for sites not used in the model fitting, with these predictions then compared with
actual probabilities of occurrence at the independent sites. However, in a study such as this it is
generally desirable to include all possible sites in fitting the final model. Two alternatives can be
used to robustly assess the performance of the final model when making predictions to
independent sites. The degree of freedom penalty for the data is computed by using these
techniques. The first technique is a k-fold cross-validation [17,18], where the data is divided into
k subsets of (approximately) equal size. The data is trained the net k times, each time leaving out
one of the subsets from training, but using only the omitted subset to compute whatever error
criterion is chosen. If k equals the sample size, this is called "leave-one-out" cross-validation.
"Leave-v-out" is a more elaborate and expensive version of cross-validation that involves leaving
out all possible subsets of v cases. Model performance is assessed by successively removing
each subset, re-fitting the model to the retained data, and predicting to the omitted data. The
average error when predicting to new sites can then be calculated by averaging the predictive
performance across each of the subsets. Alternatively, repeated bootstrap samples of the same
size as the original data can be selected from it at random, but with replacement [15,18]. On
average, these will include around 63% of the sites in the original dataset. When a model is fitted
to such a bootstrap sampled dataset, predictions can be made to the omitted sites, and
comparison of the actual and predicted occurrences can be used to assess the predictive
performance of the model. Repeated implementation of this procedure (e.g. 200–300 times)
allows the predictive performance to be averaged across many samples of the original data rather
than five or ten subsets, so that boot-strap sampling can be seen as a smoothed or averaged form
of k-fold cross-validation. Variations in this bootstrap methodology focus on whether predictive
performance is assessed only on omitted sites, or on weighted or unweighted combinations of
omitted and modeled sites. Weighted combinations tend to give the most unbiased estimates, so
the 0.632+ procedure of Efron and Tibshirani [15,18] is followed. The area under the ROC curve
was then calculated to measure model performance, as described in the cited references to the
0.632+ bootstrap.
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4.4

Neural networks

The most common form of neural networks, sometimes called backpropagation networks
are feedforward networks with the sigmoidal activation functions. They can, in the simplest case
of a single layer of N hidden nodes, be written in the form
N

y i = ∑ ω ij σ j ( x)
j =1

where,
and the weights ωij and ωjk are selected by a nonlinear optimization method to minimize the mean
squared error over the training set.
The simplest algorithm to use is gradient descent (‘backpropagation’), in which each
weight is iteratively changed proportionately to its effect on the error, but more advanced
methods such as conjugate gradient methods and sequential quadratic programming are being
used increasingly.
Neural networks are attractive as automatic model-building tools because they can be
proven, or given enough nodes, to be able to represent any well-behaved function, with arbitrary
nonlinear interactions between the inputs. They are also, besides being suitable for
implementation on massively parallel computers, relatively robust to outliers and poor data. In

σ j ( x) = 1 /(1 + exp − ∑ ω jk x k ) short, they have been seen as a way of doing nonlinear modelk

building without the pain of learning statistics. They have one major disadvantage: due to the
high degree of interaction and collinearity between the variables and basis function, it is almost
impossible to interpret the models.
4.5

Comparison of MARS and NN

MARS and neural networks have some obvious similarities and differences. Both are
methods of deriving nonlinear models from data. Additionally, both require significant amounts
of data to build a reasonable model, and do so by using models with such a large numbers of
parameters that the models may be considered to be nonparametric. The methods differ in that
MARS is based on subset selection, while neural networks offer a nonlinear projection method
[100].
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MARS and neural networks also share a subtle but important similarity. They can be both
viewed as methods which select basis functions adaptively based on the data. When there are
multiple independent variables, methods which construct basis functions based on the data can
be shown to give more accurate models than methods which use a fixed set of basis functions
[100]. Thus neural networks and MARS are more efficient than Fourier series expansions or
higher order NARMA models.
When trained with sufficient data, both MARS and neural networks yield a substantially
lower predictive error than linear regression. A brute force implementation of the MARS search
procedure requires running times proportional to (pN2M4) where p is equal to the number of
variables, N is equal to the sample size, and M is equal to the maximum number of allowed basis
function [16]. In most cases, MARS was found to be much faster than neural networks and, for
sufficiently large data sets, it produced more accurate models. For the above mentioned
similarities and advantages over neural networks, MARS was chosen as the technique for
modeling purposes in this study.
4.6

Factors affecting NOx emissions

Various factors affect the combustion process including the operating parameters, such as
engine speed, load, fueling, injection timing, manifold air temperature, manifold air pressure and
air-fuel ratio. There arises a need to select a set of parameters that most contribute to the
emission. In this study operating parameters such as engine speed, load, fueling rate, injection
timing, manifold air temperature, manifold air pressure, coolant temperature, oil temperature,
and vehicle speed as the inputs of this emission estimation system.
4.7

General structure of the model

This section provides a general description of the developed HDD NOx emission model.
The HDD NOx emission model consists of sub-models that focus on specific engine model and
model year, each having different emissions and fuel consumption characteristics. The several
categories that are included in the model are described in Table 4.1.
Using a bottom-up approach, the basic building block of the emissions model is the
individual truck operating on a fine time scale (i.e., second-by-second). Separate sub-models for
trucks tested from each category have been created. All of these sub-models have similar
structure; however, the parameters used to calibrate each sub-model are different. Each
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calibrated sub-model corresponds to a truck representing the characteristics of a particular truck
sampled randomly from that category.
For the scope of this study, a total of sixty vehicles were tested which includes four
vehicles for each category listed in Table 4-1.
Table 4-1 List of engine model and model year used in model development

Category No.

Manufacturer

Model

Model Year

1

Caterpillar

3126

2001

2

Caterpillar

C-10

2001

3

Caterpillar

C-15

2001

4

Caterpillar

3126

2002

5

Caterpillar

C-10

2002

6

Caterpillar

C-16

2002

7

Caterpillar

3126

2003

8

Caterpillar

C-9

2003

9

Caterpillar

C-15

2003

10

Cummins

ISB

2001

11

Cummins

N-14

2001

12

Cummins

ISB

2002

13

Cummins

ISC

2002

14

Cummins

ISX

2002

15

Cummins

ISB

2003

In developing these sub-models, it is important to strike a balance between achieving
high modeling accuracy and reducing the number of model input parameters. Because the
design, calibration, and in-use conditions of trucks vary, there is always the temptation to add
more input parameters for special situations of different trucks to improve modeling accuracy. In
order to control the number of independent input parameters, focus has been placed on the most
common operating parameters rather than trying to accommodate every available engine
parameter.
It is important to remember that the main purpose of the HDD emission sub-models is to
predict vehicle tailpipe NOx emissions for operation within the NTE region for each category. In
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the developed HDD NOx emission model, second-by-second tailpipe emissions are modeled as a
function of engine speed, engine load, MAP, MAT, coolant temperature, oil temperature, and
vehicle speed. Using MARS, basis functions are developed and the final output is a product of
the different basis functions that are dependent on the individual parameters. It is important to
note that this generic model with its modules applies to each of the truck categories, and
differences between the sub-models show up only in their defining parameters.
In addition to these operating variables, each sub-model uses a total of 8 static parameters
in order to characterize the vehicle tailpipe emissions for the appropriate vehicle/technology
category. A summary list of the parameters is given in Table 4.2.
In Table 4.3, the model input parameters are first divided into two large categories: 5
Engine Parameters and 3 Vehicle Parameters.
4.8

Vehicle Compositing

Data sets had to be created for the purpose of modeling and were required to represent the
vehicle/engine technology categories listed in Table 4-1. Thus, a compositing procedure has been
developed to construct a composite vehicle to represent each of the categories.
The individual routes for each vehicle within a category was blended to form a profile that
represents the operation and emissions over different routes. The individual vehicles within each
category were blended into a composite vehicle with a composited emissions trace. The
composited file would contain the emissions and engine operation data from the different routes
the vehicle was tested.
The combined data sets were used to create specific data sets for different analyses
throughout the project. These data sets included the following:

•

A “Modeling” or “Calibration” data set comprised of on-board data composited from at
least two vehicles within a category with identical engine configuration; and

•

A “Validation” data set is created using data from the other two vehicles. The validation
data can further be divided into two classes:
o If engine configuration for the validation data set was same as the engines used to

generate a calibration data set, then the two remaining vehicles were used to
generate the validation dataset, named ‘Validation 1’,
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o If the test weights were different then the validation dataset would be named as

‘Validation 2’ and
o If the engine/test configuration of each of the engines were different from the

engines used to generate calibration data set, then each of the remaining vehicle
will serve to generate validation data sets, named ‘Validation 3’.
4.9

Data Segregation

In this study, only data from engine operation during continuous NTE operation is used
for modeling purposes. A MATLAB code was written to extract the data during continuous NTE
operation from the MEMS files and create a separate input file to be used with MARS. An input
data file represents the operation within the NTE region combined from the different routes the
vehicle was tested for either a single vehicle or from composited vehicles.
4.10 Model Calibration Process

After segregation of data, MARS was used to fit the data using the dependent variables.
As the model was developed, vehicles from each category were modeled by determining all of
the parameters described in Section 4.5. The data set used for the model development is called
the ‘calibration’ data set. The challenge is to approximate a function between the system inputs
and outputs given only the measurement values of all variables. The reasons for selecting the
explanatory variables were explained in Section 4.4. In fitting regression to the data, a multiple
adaptive regression splines technique was employed as explained in Section 4.3. The result from
MARS is a statistically significant model with statistically significant parameters. The model
selection and pruning are described in the previous section.
During the model calibration stage, different combinations of factors that affect the final
model were tested, which include:

•

changing the number of maximum basis functions available;

•

changing the interactions between explanatory variables;

•

limiting the order of fit; and

•

varying the sample size for bootstrapping during model selection.
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Different models were developed for a single composited vehicle based on the above
mentioned combinations. Table 4-2 presents the 9 input variables and 1 output variable used for
modeling, along with their short term representation throughout the dissertation.
Table 4-2 Input and Output parameters used for modeling
Variables

Inputs

Output

Parameter
Engine Speed (rpm)
Engine Load/Torque (ft-lb)
Engine Timing (degree-btdc)
ECU Fueling Rate (gal/s)
Manifold air Temperature (degree F)
Coolant Temperature (degree F)
Oil Temperature (degree F)
Vehicle Speed (mph)
Manifold Air Pressure (psig)
Shifted NOx Corr (g/s)

Abbreviation
RPM
TQE
TIM
FR
MAT
CT
OT
VS
MAP
NO

After segregation of data, MARS is used to fit the data using the predictor variables. The
problem being approached is to construct a mapping function between the system inputs and
outputs, given only the measurement values of all variables. MARS operates as a fully automated
algorithm if the parameter M max is selected properly. The maximum number of basis
functions M max should be set properly to protect against overfitting. Friedman [18] suggested
setting M max as at least two times to four times of the “true” number of basis functions. However,
since no prior knowledge about the optimal number of basis functions is available, an exhaustive
search is performed to find a proper M max and estimate the optimal mapping function.
In the iterations performed M max is increased from 20 to 240. M max cannot exceed 240, a
limitation imposed by memory in MARS. For each given M max , the best function fˆ (⋅) is found
by approximating the output data by using MARS algorithm. Applying these functions to
training and testing data, the mapping function fˆ (⋅) that provides the best fitting performance is
selected as the final model. To ensure consistency of results, two measures of estimation
performance was used: MSE defined in Equation 4-2 and the maximum absolute difference
(MAD) given by
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MAD = max y i − fˆ ( x1i , L x mi )
i =1,... N

Equation 4-9

The algorithm that is followed to determine the best model for a given set of conditions is
displayed in Figure 4-2.
Set T is the threshold of allowed maximum absolute
difference; MMSE = ∞
For i = 1: Q
Given M (i ) max , fˆ ( i ) is found using MARS algorithm
MSE1( i ) and MAD1(i ) are calculated using all training data
MSE 2 ( i ) and MAD 2 (i ) are calculated using all testing data
If MAD1(i ) < T and MAD 2 (i ) <T
If MSE1( i ) + MSE 2 (i ) < MMSE
Best Model = i
MMSE = MSE1(i ) + MSE 2 ( i )
End
End
End

Figure 4-2 The algorithm for determination of best model

A single mapping function was finally chosen for a composited vehicle/engine category.
As explained earlier, the model calibration data comprised of operation within the NTE region as
continuous NTE windows.
Figure 4-3 and Figure 4-4 shows the performance of the estimated mapping function
using calibration data and valiation1 data from composited vehicles from category 3. The
maximum number of basis functions is selected from the range [20,240]. From these two graphs,
it can be seen that MSE (marked as bar plot) and MAD (marked using solid line) have the same
trend as M max increases. MSE and MAD increase dramatically when M max is greater than 90 for
calibration data set. This indicates overfitting of the mapping function associated with large
values of M max . From the Figure it can be inferred that the model prediction is the best when
Mmax= 80.
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Figure 4-3 MSE and MAD for calibration data from MY 2003 Caterpillar C-15 for Mmax
range from 20 to 240
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Figure 4-4 MSE and MAD for validation 1 data from MY 2003 Caterpillar C-15 for Mmax
range from 20 to 250.
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4.10.1 Comparison of observed data with predictions

In order to determine whether the selected model performs well, continuous emissions of
NOx estimations from the model were compared to observed data. The NOx approximated values
and predicted results from calibration data generated using MARS strategy when M max is 90 are
plotted against the corresponding actual values for calibration data set from composited vehicle
for Category 1 as shown in Figure 4-5. This figure provides a detailed view of a small portion of
the data. Note that the approximated and predicted values generated by the estimated mapping
function follow the actual data with sufficiently high precision. In Figure 4-5, large gaps between
the true data and the predicted values appear since the number of basis functions is insufficient to
support this dramatic variation. Based on experience, having 10 data points per predictor variable
provides enough information to guarantee a good approximation. In the computations, it has 9
predictors and about 30k training data points. This means that 350 basis functions have to be
used to guarantee a good approximation. Thus, the maximum number of basis function should be
sought in the range from 1 to 700 (at least twice of the true number). Because of the memory
restriction in the simulation tool, the maximum value that Mmax can take is 240. This leads to
selection of a locally optimal value for in place of selection of the global optimum. Another
likely cause of disagreement between model predictions and observed values is due to a possible
incompleteness of the model, since the models are based upon a limited set of independent
variables. In this stage, performance of the model was evaluated by comparing model predictions
and actual observations based upon the calibration data set.
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Figure 4-5 The approximated values of NOx and the true output data plotted.
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Figure 4-6 Parity plot of measured NOx vs. predicted NOx for category 1 using model1
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Figure 4-7 Parity plot of measured NOx vs. predicted NOx for category 2 using model2
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Figure 4-8 Parity plot of measured NOx vs. predicted NOx for category 3 using model3
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Figure 4-9 Parity plot of measured NOx vs. predicted NOx for category 3 using model4
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Figure 4-10 Parity plot of measured NOx vs. predicted NOx for category 5 using model5
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Figure 4-11 Parity plot of measured NOx vs. predicted NOx for category 6 using model6
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Figure 4-12 Parity plot of measured NOx vs. predicted NOx for category 7 using model7
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Figure 4-13 Parity plot of measured NOx vs. predicted NOx for category 8 using model8
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Figure 4-14 Parity plot of measured NOx vs. predicted NOx for category 9 using model9
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Figure 4-15 Parity plot of measured NOx vs. predicted NOx for category 10 using model10
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Figure 4-16 Parity plot of measured NOx vs. predicted NOx for category 11 using model11
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Figure 4-17 Parity plot of measured NOx vs. predicted NOx for category 12 using model12
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Figure 4-18 Parity plot of measured NOx vs. predicted NOx for category 13 using model13
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Figure 4-19 Parity plot of measured NOx vs. predicted NOx for category 14 using model14
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Figure 4-20 Parity plot of measured NOx vs. predicted NOx for category 15 using model15
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The performance of the model can be evaluated in terms of precision and accuracy. The
R-squared value is an indication of precision. Higher R-squared values imply a higher degree of
precision and less unexplained variability in model predictions than lower R-squared values. The
slope of the trend line for the observed vs. predicted values is an indication of accuracy. A slope
of one indicates an accurate prediction in that the average prediction of the model corresponds to
an average observation. For example, as seen in Figure 4-6, the trendline between the observed
and predicted values of NOx has an R-squared value of 0.9426. The R-squared value of 0.94
indicates that the model can explain 94 percent of the variability in NOx emissions with 95
percent confidence level. The slope of the trend line for NOx is 0.9239. The lowest and the
highest NOx g/s within a 95 percent confidence interval were 0.145 and 0.521, respectively.
Thus the range of variation in observed emissions is of the order of 3.6. The model predicts, on
average, a variation from 0.146 g/s to 0.522 g/s, which is approximately a factor of 3.6.
Therefore, from perspectives of the R-squared, slope of the trend line, and variability captured by
the model, it appears that this model is performing reasonably well.
This approach was used for each of the models developed for each category listed in
Table 4.1, and the results of this analysis are presented in Figure 4-6-Figure 4-20. As seen from
Figure 4-6-Figure 4-20, the slope of the fitted line in the parity plots is lesser than 1, indicating
that the predicted values are biased to be lower than the actual NOx values. But, no correction
was employed, as this bias did not affect the accuracy of predictions of the model by more than
±2%. It should be noted that larger the basis functions used for the modeling purpose, more knots
could be used and hence better prediction accuracy. The reason for this bias is attributed to the
memory limitation of the software employed for the modeling purpose. However, with an
increase in software memory, the same modeling procedures can be employed for better results.
The models developed for each category is presented in Appendix A. In Chapter 5, the selected
model was applied to make predictions for a validation data set that was different from the
calibration data set is explained in detail. The results indicate that the models developed are
performing reasonably well with respect to calibration dataset.
4.10.2 Ranking of Variables

Apart from finding the optimal mapping function relating input and output parameters
and analyzing its performance, the contribution of each input parameter to the final model was
also evaluated. The input variables were ranked in the order of their influence on the prediction
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model performance. The study is motivated by the assumption that, by removing some noncritical variables, the multivariate regression model may be further simplified. To rank variables,
the Variable Important Table provided in MARS package is used [16], which refits the model
after dropping all terms involving the variables in question and calculates the reduction in
goodness-of-fit. The most important variable is the one that, when omitted, degrades the model
fit the most. The least important variable is the one that results in the smallest impact on the
model quality. The measure of the goodness of fit is given by the global cross validation (-GCV).
The higher the value of (-GCV) when one of the variables is omitted, the more important the
variable is. An example of variables of importance, and their ranking is shown in Table 4-3.
Table 4-3 Order of importance of dynamic input variables
Variable

Importance

-GCV

MAT

100.000

0.003

TQE

91.694

0.003

MAP

76.853

0.002

RPM

76.106

0.002

FR

52.132

0.002

OT

41.791

0.002

TIM

33.606

0.002

VS

29.523

0.002

CT

13.389

0.002
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5 MODEL VALIDATION
An essential step in the modeling process is performing model validation, which entails
examining the model uncertainty, and analyzing model sensitivity. This section addresses these
three topics. In addition, a large amount of analysis has been performed on emissions data to
support many of the model categories and the development of specific model components. With
the HDD vehicle sub-models, the validation is complicated by the on-road nature of the data
collected for modeling. Uncontrollable external factors such as wind, grade, humidity, and air
temperature all complicate the modeling as well as the validation. Basing the model on in-use
emissions measurements provides a better reflection of actual emissions and emissions
variability.
One of the key reasons to address uncertainty in model predictions is to enable
comparisons. For example, in this study, "modeling" or “training” datasets are obtained from the
on-road test of vehicles within a category listed in Table 4-1 used for model development. These
data are also referred to here as "calibration" data, because they were used to calibrate the model.
Separately, a "validation" data set was chosen randomly that is incomplete. The validation data
contained activity data from a different vehicle within a category, and it required predictions to
be made using the model developed from the modeling data set using the activity data of the
validation dataset. In making predictions, estimated ranges of variability and/or uncertainty in the
predictions are reported. When comparing the model predictions to the true values of emissions
for the validation case, the precision of the model should be considered.
Possible causes of error in model predictions include the following:

•

The model may be incomplete in that it does not have a sufficient set of explanatory
variables;

•

the model may not have the most appropriate functional form;

•

the model may have been calibrated with data that contained measurement errors, the
validation data may contain measurement errors for either the explanatory variables
and/or the observed emissions;

•

the validation data set may have been obtained under conditions substantially different
than those for the data used to calibrate the model; and
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•
5.1

there may be data entry errors.
Model Output Variability and Uncertainty

Several sources of variability go into any model developed from measured data.
Variation, acknowledged or not, exists as part of the model development process and needs to be
addressed to assess the validity of the model results. In a vehicle emissions model, some of the
main sources of variation analyzed include emission measurement variability, vehicle driving
and operation variability, vehicle sampling variability, and model output variability.
5.1.1

Emissions Measurement Variability

Every measurement is a combination of the true value of the parameter plus the total
measurement error. Hence, there is an inherent uncertainty in the use of the measurements to
represent a true value. This makes completely accurate measurements impossible. However,
measures can be taken to minimize these errors. The instruments in the MEMS system were
calibrated before each vehicle test. An uncertainty analysis performed on the instruments in the
MEMS system [54] indicates that the results are within 6% for NOx emissions for operation in
the NTE region.
5.1.2

Vehicle Driving/Operational Variability

For the HDD vehicles, driving and operational variability were not a significant factor in
model uncertainty. This is because:

•

Model development was not dependent on pre-specified driving cycles. While the testing
protocol included pre-specified driving cycles, they were not essential to the model
building process.

•

The on-road data collection is subject to external factors such as wind and road grade that
significantly affect emissions which are accounted for in terms of engine broadcast torque
and thus increase the variability of the data far more than small deviations from the
driving cycle.

5.2

Comparison of Validation Data with Predictions

The selected model for each category was applied to make predictions for a validation
data set that was different from the calibration data set. The validation results of the model
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selected for Category 1 are explained below. A similar approach was used for the models
selected for each category. A summary of the type of validation performed on each model
category is shown in Table 5-1. In Table 5-1, ‘Validation 1’ represents the type of validation
dataset obtained from a vehicle(s) with similar engine configuration. ‘Validation 2’ represents
the validation dataset obtained from a vehicle tested under different test weight as used for the
modeling purposes. ‘Validation 3’ represents the validation dataset obtained from a vehicle with
a different engine configuration (for example, different engine rating) was used. It should be
noted that each validation dataset was obtained only from the vehicles with the same category.
Table 5-1 Summary of type of validation performed on each model
developed within a category

Category/Model
No.

Validation 1

1

●

2

Validation 2

Validation 3

●

3

●

4

●

5

●

6

●

7

●

8

●

9

●

10

●

11

●

12

●

13

●

14

●

15

●

In this section, parity plots are presented to help visualize how well the models are able
to make predictions based upon the validation data. An example of a parity plot is given for
model 1 in Figure 5-1. The model predictions agreed very well with the observed values in the
case of NOx emissions. As observed in Section 4.8.3 a goodness of fit analysis was performed
80

with the validation dataset. The R-squared value of 0.9408 indicates that the model can explain
94 percent of the variability in NOx emissions with 95 percent confidence level. The slope of the
trend line for NOx is 0.9438, which is close to one. The lowest and the highest NOx g/s within a
95 percent confidence interval were 0.145 and 0.521 respectively. Thus the range of variation in
observed emissions is of the order of 3.6. The model predicts, on average, a variation from 0.146
g/s to 0.522 g/s, which is approximately a factor of 3.6. Therefore, from perspectives of the Rsquared, slope of the trend line, and variability captured by the model, it appears that this model
is performing reasonably well.
In Figure 5-1, the prediction interval is also shown. The prediction interval is a 95 percent
range of variability in the observed data that is not explained by the model predictions. The
details on estimation of prediction interval can be found in literature [101]. The prediction
interval should be used as an indication of the precision of the model when making predictions of
emissions from individual vehicles.
The plot of model predicted NOx against observed NOx values for the validation data set
for each of the models are given in Figure 5-1- Figure 5-13. The results indicate that the range of
uncertainty in predictions is approximately ± 20% of the actual value.
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Figure 5-1 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat 3126 2001 Validation 1
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Figure 5-2 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat C16 Validation 1
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Figure 5-3 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat 3126 2002 Validation 1
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Figure 5-4 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat C10 2002 Validation 2
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Figure 5-5 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat C15 2002 Validation 1
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Figure 5-6 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat 3126 2003 Validation 1
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Figure 5-7 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat 2003 C9 Validation 1
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Figure 5-8 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cat C15 2003 Validation 1
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Figure 5-9 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cummins ISB Validation 1 2001
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Figure 5-10 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cummins ISC 2001 Validation 1
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Figure 5-11 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cummins ISB 2002 Validation 1
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5.2.1

Variability in model output due to different engine ratings

The effect of engine power rating on the emission and, in turn, on the model predictive
capability has been studied. In category 4, the vehicles were powered by engines with ratings of
475hp and 515hp. The calibration data set included data from vehicles powered by 475 hp
engine. The validation data set included data from vehicles powered by 515 hp engine. The
comparison of actual and predicted NOx for the validation data set (Validation 2) is given in
Figure 5-14. These results indicate that the model can explain approximately 80 % of the
variability in the data, and that there is some bias in the model predictions. The bias can be
corrected using the slope and intercept from the trend line to convert a model prediction more
closely to match the observed emissions. The results of comparison between predicted NOx
applied and actual NOx, after the correction was applied, is given in Figure 5-15. The author
would like to warn the reader that the validation of this kind was done only on a particular engine
model type and should not be generalized for other types of engines and engine configurations.
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Figure 5-14 Parity plot for Validation type 2 showing bias
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Figure 5-15 Observed vs. Predicted NOx Emissions with 95 % Confidence
Interval on the Individual Predictions Cummins N14 2001 Validation 2 (different hp)

5.2.2

Variability in model output due to test weight

Test results show that the test weight had an impact on the emissions of NOx (g/s). The
calibration data set included data from vehicles with test weight 80k lb. The validation data set
included data from vehicles with test weight of 60k lb. These results indicate that the model can
explain approximately 90 % of the variability in the data [as seen in Figure 5-16], and that there
is some bias in the model predictions. The bias was corrected using the slope and intercept from
the trend line to convert a model prediction more closely to match the observed emissions
thereby reducing MSE and MAD. The results of comparison between predicted and actual NOx
after the correction was applied is given in Figure 5-17.
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5.3

Summary of Model Validation

This chapter has illustrated the validation procedures employed on a model of real-world
tailpipe NOx emissions for HDDV using data obtained from on-board measurements. The key
steps in model development that were part of this study included the formation of a database
from data reported by the on-board emissions, data quality assurance, exploratory analysis of the
data, and fitting of a model to the data. The QA activities included searching for common types
of errors that can occur when using on-board instruments. In some cases, data were excluded
from the final database in order to prevent the inclusion of include known or suspected errors in
the analysis and model calibration effort.
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6 CONCLUSIONS AND RECOMMENDATIONS
Emissions modeling for heavy-duty diesel vehicles requires a broad and substantial effort
including coordination of planning, data collection, model development, documentation, and
evaluation. This study has illustrated the major steps in the development of a real-world NOx
emissions model of a heavy-duty diesel engine using data obtained from on-board
measurements. The key steps in model development that were part of this study included the
formation of a database from data collected using an on-board emissions measurement,
exploratory analysis of the data, fitting of a model to the data, and evaluation of the developed
models.
NOx emissions data along with engine operating parameters were collected using WVU’s
Mobile Emissions Measurement System while the test vehicle was operated on different routes.
The routes selected were representative of operation under urban, suburban, and highway driving
conditions. The data collected was processed and only data obtained when the engine was
operating within NTE region as continuous 30s windows was used for further analysis. In this
study, 60 different vehicles were tested with four vehicles of same engine model and model year.
The model was developed using MARS employing the different variables chosen. With the
emissions models now in place, it is capable of predicting emissions for a wide range of
operating conditions for different vehicles. In the developed HDD NOx emission model, secondby-second tailpipe emissions are modeled as a function of engine speed, engine load, MAP,
MAT, coolant temperature, oil temperature, and vehicle speed. Statistical analysis was
performed to determine the order of importance of these variables. The developed model was
then validated using a validation data set that was different from the calibration data set.
Overall, the techniques applied to develop the illustrative conceptual model were useful
in screening the data, creating a data base, exploring the data base, developing the model,
characterizing model performance, and quantifying the variability and uncertainty in model
predictions. The model developed is first-of-kind; enabling it to account for the effect of engine
operating parameters on NOx emissions. These techniques can be applied to larger datasets than
were available in this work for the purpose of developing a nationally representative model of
HDDV tailpipe emissions. Based on the research presented in this study, the following
conclusions can be drawn:
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a) The current emissions models do not account for the variations in engine operating
parameters and their effect on NOx emissions.
b) The emissions from engines of a particular model could vary significantly based on the
engine rating. This variance is not accounted for in the current models used by the EPA.
However, in this study, individual models were developed to account for these variations.
c) The models developed in this study, have been demonstrated to be valid for engine
operation within the NTE region. Specifically, the error emission estimates were found to
be approximately ±20% for values within the 95% prediction limits of validation data.
6.1

Applications

The models developed can be used for different applications listed below:
a) The models developed can be used by regulatory agencies in understanding the effect of
engine operation on NOx emissions. NOx emissions can be predicted for a particular
zone of operation in the NTE region to identify differences in emission rates within
different regions.
b) The model can be included into the engine control module and can be used in control of
retrofitted after-treatment devices.
c) The models developed can be utilized in the area of sensor failure detection. The models
would serve as a virtual sensor and would indicate an eventual sensor failure.
6.2

Future Work

When developing the HDD vehicle models, there was an attempt to capture many of the
important aspects of vehicle and engine operation and their effect on tailpipe emissions.
However, because the production of vehicle emissions is a complex process and dependent on
many variables, it was impossible to model every aspect at a high level-of-detail. In addition,
these models need to be updated periodically to properly represent the current vehicles in any
given fleet. Future vehicle fleets will surely include new technologies that are not represented in
this version of these HDD emission models. The following future work is recommended:
6.2.1

Incorporation of New Vehicle/Technology Categories

The advent of new emissions standards in 2007 are likely to force significant changes in
total emissions and modal behavior of heavy-duty diesel trucks. In order to better estimate
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emission inventories in future years (e.g., 2007, 2010), additional vehicle/technology categories
must be incorporated into the model.
6.2.2

Additional Testing

The relatively small number of vehicles tested in this program need to be augmented with
additional tests. The additional testing should include different test weight, engine of different
ratings and different model year engines.
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MODEL 3126 2001 CATERPILLAR
BF1 = max(0, TQE - .530077E+03);
BF2 = max(0, .530077E+03 - TQE );
BF3 = max(0, MAT - .820000E+02);
BF4 = max(0, .820000E+02 - MAT );
BF5 = max(0, TIM - .137255E+02);
BF6 = max(0, .137255E+02 - TIM );
BF7 = max(0, MAP - .175074E+02) * BF4;
BF8 = max(0, .175074E+02 - MAP ) * BF4;
BF9 = max(0, VS - .644274E+02) * BF4;
BF10 = max(0, .644274E+02 - VS ) * BF4;
BF11 = max(0, FR - 0.003116120) * BF4;
BF12 = max(0, 0.003116120 - FR ) * BF4;
BF13 = max(0, TQE - .556614E+03);
BF14 = max(0, .556614E+03 - TQE );
BF15 = max(0, MAT - .722392E+02);
BF16 = max(0, .722392E+02 - MAT );
BF17 = max(0, TQE - .494893E+03) * BF12;
BF18 = max(0, .494893E+03 - TQE ) * BF12;
BF19 = max(0, MAP - .152549E+02) * BF5;
BF20 = max(0, .152549E+02 - MAP ) * BF5;
BF21 = max(0, CT - .181000E+03) * BF7;
BF22 = max(0, .181000E+03 - CT ) * BF7;
BF23 = max(0, TQE - .298614E+03);
BF25 = max(0, MAT - .557879E+02) * BF23;
BF28 = max(0, .157259E+04 - RPM ) * BF12;
BF29 = max(0, TQE - .541398E+03) * BF7;
BF30 = max(0, .541398E+03 - TQE ) * BF7;
BF31 = max(0, CT - .181000E+03) * BF20;
BF32 = max(0, .181000E+03 - CT ) * BF20;
BF34 = max(0, 0.002425280 - FR ) * BF25;
BF35 = max(0, MAP - .184329E+02) * BF4;
BF37 = max(0, RPM - .214390E+04) * BF1;
BF38 = max(0, .214390E+04 - RPM ) * BF1;
BF39 = max(0, VS - .569483E+02) * BF1;
BF40 = max(0, .569483E+02 - VS ) * BF1;
BF41 = max(0, MAP - .103861E+02) * BF23;
BF42 = max(0, .103861E+02 - MAP ) * BF23;
BF43 = max(0, TQE - .562051E+03) * BF15;
BF44 = max(0, .562051E+03 - TQE ) * BF15;
BF45 = max(0, MAP - 9.340298653) * BF10;
BF46 = max(0, 9.340298653 - MAP ) * BF10;
BF47 = max(0, VS - .648581E+02) * BF16;
BF48 = max(0, .648581E+02 - VS ) * BF16;
BF49 = max(0, TIM - .136000E+02) * BF42;
BF50 = max(0, .136000E+02 - TIM ) * BF42;
BF51 = max(0, FR - 0.002959880) * BF14;
BF52 = max(0, 0.002959880 - FR ) * BF14;
BF53 = max(0, RPM - .245809E+04) * BF14;
BF54 = max(0, .245809E+04 - RPM ) * BF14;
BF55 = max(0, VS - .215462E+02) * BF14;
BF56 = max(0, .215462E+02 - VS ) * BF14;
BF57 = max(0, MAT - .715510E+02) * BF51;
BF59 = max(0, RPM - .228117E+04) * BF11;
BF60 = max(0, .228117E+04 - RPM ) * BF11;
BF61 = max(0, TIM - .149628E+02) * BF11;
BF62 = max(0, .149628E+02 - TIM ) * BF11;
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BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

TQE - .563096E+03) * BF6;
.563096E+03 - TQE ) * BF6;
VS - .612167E+02) * BF64;
.612167E+02 - VS ) * BF64;
RPM - .210764E+04) * BF30;
.210764E+04 - RPM ) * BF30;
FR - 0.002265480) * BF23;
RPM - .221029E+04) * BF69;
.221029E+04 - RPM ) * BF69;
MAT - .620000E+02) * BF19;
.620000E+02 - MAT ) * BF19;
TIM - .118000E+02) * BF23;
.118000E+02 - TIM ) * BF23;
CT - .179000E+03) * BF46;
.179000E+03 - CT ) * BF46;
FR - 0.002991750) * BF39;
0.002991750 - FR ) * BF39;

Y = 0.088537052 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.000142347
0.001060148
0.011804381
0.000321234
0.000126167
0.302385509
0.005575680
0.002895231
0.004098128
0.000256948
0.000005516
0.000081768
0.005375485
0.009253144
0.000106474
0.000365913
0.000028614
0.000659494
0.000006366
0.000392716
0.000060803
1.384636760
0.000002630
0.000002844
0.149338707
0.259719461
.128884E+02
0.000112949
0.000000441
0.000000052
0.000344702
0.000081695
0.000055281
0.000002616
2.847668648

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF2 - 0.006433958 * BF3
BF4 + 0.007540429 * BF5
BF6 + 0.001221588 * BF7
BF8 - 0.000398608 * BF9
BF10 - .535486E+02 * BF11
BF12 - 0.005318551 * BF13
BF15 + 0.002926404 * BF17
BF18 + 0.003956357 * BF19
BF20 - 0.000078939 * BF21
BF22 + 0.000190480 * BF23
BF25 - 0.006724721 * BF28
BF29 - 0.000003572 * BF30
BF31 + 0.000596778 * BF32
BF34 - 0.001609625 * BF35
BF37 + 0.000004010 * BF38
BF39 - 0.000029424 * BF40
BF41 + 0.000082852 * BF42
BF43 - 0.000016189 * BF44
BF45 - 0.000003059 * BF46
BF47 - 0.000088108 * BF48
BF49 - 0.000024360 * BF50
BF51 - 0.064523041 * BF52
BF53 + 0.000000524 * BF54
BF55 + 0.000023621 * BF56
BF57 + 0.345842034 * BF59
BF60 - .498709E+02 * BF61
BF62 + 0.001059510 * BF63
BF64 + 0.000006762 * BF65
BF66 - 0.000000021 * BF67
BF68 - 0.057551112 * BF69
BF71 - 0.000457743 * BF72
BF73 - 0.000343475 * BF74
BF75 - 0.000077552 * BF76
BF77 + 0.000000301 * BF78
BF79 + 0.115455225 * BF80;
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MODEL C10 2001 CATERPILLAR
BF1 = max(0, TQE - .101683E+04);
BF2 = max(0, .101683E+04 - TQE );
BF3 = max(0, OT - .175725E+03) * BF1;
BF4 = max(0, .175725E+03 - OT ) * BF1;
BF5 = max(0, TIM - 5.354189873);
BF6 = max(0, 5.354189873 - TIM );
BF7 = max(0, MAP - 5.185010910);
BF8 = max(0, 5.185010910 - MAP );
BF9 = max(0, MAP - .219349E+02) * BF3;
BF10 = max(0, .219349E+02 - MAP ) * BF3;
BF11 = max(0, CT - .156546E+03) * BF7;
BF13 = max(0, MAP - .108166E+02) * BF5;
BF14 = max(0, .108166E+02 - MAP ) * BF5;
BF15 = max(0, OT - .214493E+03) * BF13;
BF16 = max(0, .214493E+03 - OT ) * BF13;
BF17 = max(0, FR - 0.004007910) * BF14;
BF18 = max(0, 0.004007910 - FR ) * BF14;
BF19 = max(0, RPM - .132200E+04) * BF10;
BF20 = max(0, .132200E+04 - RPM ) * BF10;
BF21 = max(0, FR - 0.004518450);
BF22 = max(0, 0.004518450 - FR );
BF23 = max(0, MAT - .127276E+03) * BF2;
BF24 = max(0, .127276E+03 - MAT ) * BF2;
BF25 = max(0, RPM - .132565E+04) * BF6;
BF26 = max(0, .132565E+04 - RPM ) * BF6;
BF27 = max(0, OT - .197000E+03);
BF28 = max(0, .197000E+03 - OT );
BF29 = max(0, RPM - .140597E+04) * BF28;
BF30 = max(0, .140597E+04 - RPM ) * BF28;
BF31 = max(0, FR - 0.003679640) * BF13;
BF32 = max(0, 0.003679640 - FR ) * BF13;
BF33 = max(0, OT - .215232E+03) * BF31;
BF34 = max(0, .215232E+03 - OT ) * BF31;
BF35 = max(0, TQE - .101539E+04) * BF28;
BF36 = max(0, .101539E+04 - TQE ) * BF28;
BF37 = max(0, RPM - .133692E+04) * BF27;
BF38 = max(0, .133692E+04 - RPM ) * BF27;
BF39 = max(0, MAP - .152218E+02) * BF27;
BF40 = max(0, .152218E+02 - MAP ) * BF27;
BF41 = max(0, CT - .200634E+03) * BF39;
BF42 = max(0, .200634E+03 - CT ) * BF39;
BF43 = max(0, RPM - .172258E+04) * BF2;
BF44 = max(0, .172258E+04 - RPM ) * BF2;
BF45 = max(0, MAT - .942296E+02) * BF31;
BF46 = max(0, .942296E+02 - MAT ) * BF31;
BF47 = max(0, TIM - 7.950359821) * BF36;
BF48 = max(0, 7.950359821 - TIM ) * BF36;
BF49 = max(0, CT - .157601E+03);
BF50 = max(0, .157601E+03 - CT );
BF51 = max(0, OT - .174208E+03) * BF18;
BF52 = max(0, .174208E+03 - OT ) * BF18;
BF53 = max(0, VS - .363384E+02) * BF30;
BF54 = max(0, .363384E+02 - VS ) * BF30;
BF55 = max(0, CT - .173179E+03) * BF13;
BF56 = max(0, .173179E+03 - CT ) * BF13;
BF57 = max(0, MAT - .125155E+03) * BF53;
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BF58
BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

.125155E+03 - MAT ) * BF53;
TQE - .966221E+03) * BF49;
.966221E+03 - TQE ) * BF49;
FR - 0.004571730) * BF44;
0.004571730 - FR ) * BF44;
VS - .575000E+02) * BF7;
.575000E+02 - VS ) * BF7;
RPM - .136840E+04) * BF22;
.136840E+04 - RPM ) * BF22;
TQE - .932244E+03) * BF65;
.932244E+03 - TQE ) * BF65;
MAP - .194073E+02) * BF67;
.194073E+02 - MAP ) * BF67;
TQE - .895648E+03) * BF63;
.895648E+03 - TQE ) * BF63;
FR - 0.001568740) * BF4;
0.001568740 - FR ) * BF4;
OT - .216491E+03) * BF45;
.216491E+03 - OT ) * BF45;
CT - .156208E+03) * BF25;
.156208E+03 - CT ) * BF25;
OT - .204000E+03) * BF5;
.204000E+03 - OT ) * BF5;

Y = 0.156876385 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.001044510
0.000032464
0.030560657
0.000247686
0.000000214
0.000321964
0.007020477
0.000089109
2.317699909
0.000000010
.384483E+02
0.000000895
0.000044483
0.004710802
0.000005185
0.541862190
0.050123610
0.000004383
0.000027485
0.000639623
0.000037487
0.000000963
0.000002248
0.001002155
0.084696822
0.000000272
0.000023660
0.000016751
0.000004506
0.018834352
0.000399492
0.078446105
0.000213505
0.000198678
0.000000922

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - 0.000059735 * BF2
BF3 + 0.000027922 * BF4
BF5 - 0.028076433 * BF6
BF7 - 0.031909965 * BF8
BF9 - 0.000002449 * BF10
BF11 + 0.003314690 * BF13
BF14 - 0.000202173 * BF15
BF16 + .187267E+02 * BF17
BF18 - 0.000000010 * BF19
BF20 - .207041E+02 * BF21
BF22 - 0.000004841 * BF23
BF24 + 0.000029393 * BF25
BF26 + 0.003853514 * BF27
BF28 + 0.000002532 * BF29
BF30 - 2.748382807 * BF31
BF32 + 0.532476783 * BF33
BF34 - 0.000020025 * BF35
BF36 - 0.000012489 * BF37
BF38 + 0.000069106 * BF39
BF40 - 0.000003025 * BF41
BF42 - 0.000000815 * BF43
BF44 + 0.046762556 * BF46
BF47 + 0.000000161 * BF48
BF49 - 0.012835004 * BF50
BF51 + 0.211752594 * BF52
BF53 - 0.000001057 * BF54
BF55 + 0.000103291 * BF56
BF57 + 0.000000020 * BF58
BF59 + 0.000006768 * BF60
BF61 - 0.000149851 * BF62
BF63 + 0.000022224 * BF64
BF65 + 0.235709012 * BF66
BF67 - 0.000019470 * BF68
BF69 + 0.000108382 * BF70
BF71 - 0.000001419 * BF72
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-

0.003136400
0.008481760
0.000000177
0.000799052

*
*
*
*

BF73
BF75
BF77
BF79

+
+
-

0.053629294
0.000275968
0.000022617
0.000130462

*
*
*
*

BF74
BF76
BF78
BF80;
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MODEL C15 2001 CATERPILLAR
BF1 = max(0, MAP - .297313E+02);
BF2 = max(0, .297313E+02 - MAP );
BF3 = max(0, FR - 0.009612770);
BF4 = max(0, 0.009612770 - FR );
BF5 = max(0, TIM - 4.800000191);
BF6 = max(0, 4.800000191 - TIM );
BF7 = max(0, RPM - .168937E+04);
BF8 = max(0, .168937E+04 - RPM );
BF9 = max(0, MAT - .164527E+03);
BF10 = max(0, .164527E+03 - MAT );
BF11 = max(0, TIM - 5.876949787) * BF2;
BF12 = max(0, 5.876949787 - TIM ) * BF2;
BF13 = max(0, TQE - .201399E+04);
BF14 = max(0, .201399E+04 - TQE );
BF15 = max(0, FR - 0.001961681) * BF14;
BF16 = max(0, 0.001961681 - FR ) * BF14;
BF17 = max(0, RPM - .163148E+04) * BF5;
BF18 = max(0, .163148E+04 - RPM ) * BF5;
BF19 = max(0, VS - .646458E+02) * BF15;
BF20 = max(0, .646458E+02 - VS ) * BF15;
BF21 = max(0, MAT - .132000E+03) * BF15;
BF22 = max(0, .132000E+03 - MAT ) * BF15;
BF23 = max(0, MAP - .240124E+02) * BF3;
BF24 = max(0, .240124E+02 - MAP ) * BF3;
BF25 = max(0, MAP - .287695E+02) * BF22;
BF26 = max(0, .287695E+02 - MAP ) * BF22;
BF27 = max(0, MAP - .294078E+02) * BF8;
BF28 = max(0, .294078E+02 - MAP ) * BF8;
BF29 = max(0, VS - .455000E+02) * BF28;
BF30 = max(0, .455000E+02 - VS ) * BF28;
BF31 = max(0, VS - .550524E+02) * BF27;
BF32 = max(0, .550524E+02 - VS ) * BF27;
BF33 = max(0, TQE - .205187E+04) * BF29;
BF34 = max(0, .205187E+04 - TQE ) * BF29;
BF35 = max(0, RPM - .162300E+04) * BF19;
BF36 = max(0, .162300E+04 - RPM ) * BF19;
BF38 = max(0, .162079E+04 - RPM ) * BF20;
BF39 = max(0, RPM - .164946E+04) * BF2;
BF41 = max(0, VS - .580051E+02) * BF2;
BF43 = max(0, FR - 0.007950880);
BF45 = max(0, RPM - .167075E+04) * BF14;
BF46 = max(0, .167075E+04 - RPM ) * BF14;
BF48 = max(0, 2.646319389 - TIM ) * BF4;
BF49 = max(0, MAT - .161000E+03) * BF41;
BF50 = max(0, .161000E+03 - MAT ) * BF41;
BF51 = max(0, TIM - 9.083230019) * BF27;
BF52 = max(0, 9.083230019 - TIM ) * BF27;
BF53 = max(0, MAT - .151315E+03) * BF45;
BF54 = max(0, .151315E+03 - MAT ) * BF45;
BF55 = max(0, CT - .192000E+03) * BF28;
BF56 = max(0, .192000E+03 - CT ) * BF28;
BF57 = max(0, MAP - .155785E+02) * BF36;
BF59 = max(0, MAT - .145000E+03) * BF27;
BF60 = max(0, .145000E+03 - MAT ) * BF27;
BF61 = max(0, CT - .205511E+03) * BF27;
BF62 = max(0, .205511E+03 - CT ) * BF27;
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BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

OT - .210000E+03) * BF25;
.210000E+03 - OT ) * BF25;
OT - .201000E+03) * BF20;
.201000E+03 - OT ) * BF20;
MAT - .140591E+03) * BF56;
.140591E+03 - MAT ) * BF56;
MAP - .183517E+02) * BF6;
.183517E+02 - MAP ) * BF6;
TIM - 5.778460026) * BF36;
5.778460026 - TIM ) * BF36;
OT - .208000E+03) * BF10;
.208000E+03 - OT ) * BF10;
MAP - .264889E+02) * BF10;
.264889E+02 - MAP ) * BF10;
OT - .218044E+03) * BF32;
.218044E+03 - OT ) * BF32;
CT - .195497E+03) * BF73;
.195497E+03 - CT ) * BF73;

Y = 0.587516308 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.078227751
.269817E+03
0.077268697
0.000316804
0.040284134
0.006562884
0.001124455
0.019888917
0.000033390
0.008790194
0.001483438
.613389E+02
0.004419071
0.000035715
0.000006527
0.000017352
0.000000111
0.000046567
0.000009739
0.000790145
0.000001296
1.576893687
0.000008090
0.000090783
0.000000014
0.000001079
0.000013725
0.000047247
0.003331531
0.000039724
0.000072801
0.004903585
0.000126610
0.000095483
0.000311994
0.000010295
0.000011271

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - 0.038450286 * BF2
BF3 + .354071E+02 * BF4
BF5 - 0.074672341 * BF6
BF7 + 0.000968757 * BF8
BF9 - 0.003752308 * BF10
BF11 + 0.004191405 * BF12
BF13 + 0.000109474 * BF14
BF15 - 0.101191409 * BF16
BF17 + 0.000063468 * BF18
BF19 + 0.001216457 * BF20
BF21 - 0.000340136 * BF22
BF23 + .147047E+03 * BF24
BF25 + 0.000077324 * BF26
BF27 - 0.000064459 * BF28
BF29 + 0.000002494 * BF30
BF31 + 0.000030003 * BF32
BF33 - 0.000000002 * BF34
BF35 - 0.000680641 * BF36
BF38 + 0.000118970 * BF39
BF41 - .443649E+02 * BF43
BF45 + 0.000000439 * BF46
BF48 + 0.006752858 * BF49
BF50 - 0.001113580 * BF51
BF52 - 0.000000124 * BF53
BF54 - 0.000003823 * BF55
BF56 + 0.000169149 * BF57
BF59 + 0.000002160 * BF60
BF61 - 0.000010311 * BF62
BF63 - 0.000360487 * BF64
BF65 + 0.000413792 * BF66
BF67 - 0.000000085 * BF68
BF69 - 0.001193795 * BF70
BF71 + 0.000359254 * BF72
BF73 + 0.000068403 * BF74
BF75 + 0.000029070 * BF76
BF77 - 0.000001184 * BF78
BF79 - 0.000054210 * BF80;
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MODEL 3126 2002 CATERPILLAR
BF1 = max(0, TQE - .493454E+03);
BF2 = max(0, .493454E+03 - TQE );
BF3 = max(0, TIM - 9.541870117);
BF4 = max(0, 9.541870117 - TIM );
BF5 = max(0, FR - 0.002901230);
BF6 = max(0, 0.002901230 - FR );
BF7 = max(0, RPM - .225305E+04);
BF8 = max(0, .225305E+04 - RPM );
BF9 = max(0, MAP - .184674E+02);
BF10 = max(0, .184674E+02 - MAP );
BF11 = max(0, CT - .189725E+03);
BF12 = max(0, .189725E+03 - CT );
BF13 = max(0, MAT - .608404E+02);
BF14 = max(0, .608404E+02 - MAT );
BF15 = max(0, TQE - .563194E+03);
BF17 = max(0, TQE - .535246E+03);
BF19 = max(0, TIM - .129639E+02);
BF23 = max(0, MAT - .800000E+02);
BF25 = max(0, TIM - 6.909729958);
BF27 = max(0, TIM - .147752E+02);
BF29 = max(0, VS - .648656E+02);
BF30 = max(0, .648656E+02 - VS );
BF31 = max(0, RPM - .239600E+04);
BF33 = max(0, MAT - .690000E+02);
BF35 = max(0, MAT - .804292E+02);
BF37 = max(0, FR - 0.000354963);
BF39 = max(0, MAP - .132500E+02);
BF41 = max(0, VS - .530165E+02);
BF43 = max(0, TQE - .554675E+03);
BF45 = max(0, MAT - .102487E+03);
BF47 = max(0, CT - .188000E+03);
BF49 = max(0, CT - .187926E+03);
BF51 = max(0, RPM - .150172E+04);
BF53 = max(0, TIM - .110000E+02);
BF55 = max(0, VS - .575000E+02);
BF57 = max(0, VS - .460000E+02);
BF59 = max(0, CT - .183000E+03);
BF61 = max(0, MAP - 8.364270210);
BF63 = max(0, TIM - .141828E+02);
BF65 = max(0, TQE - .528183E+03);
BF67 = max(0, FR - 0.002716000);
BF69 = max(0, FR - 0.001900920);
BF71 = max(0, TQE - .572407E+03);
BF73 = max(0, MAT - .677333E+02);
BF75 = max(0, CT - .185653E+03);
BF77 = max(0, CT - .181277E+03);
BF79 = max(0, TQE - .325026E+03);
Y = 0.456830412 +
+
+
-

0.000313199
0.006740909
.222957E+03
0.000445582
0.009543931
0.063020021
0.000476993
0.008140498

*
*
*
*
*
*
*
*

BF1 - 0.000195448 * BF2
BF3 - 0.002956842 * BF4
BF5 - .164475E+03 * BF6
BF7 + 0.000302614 * BF8
BF9 - 0.003674770 * BF10
BF11 - 0.011985160 * BF12
BF13 - 0.000500981 * BF14
BF15 + 0.001012627 * BF17
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+
+
+
+
+
+
+
+
+
+

0.025390198
0.004084175
0.003019833
0.000234085
0.020904219
0.002931579
0.002641108
0.059543788
0.000321534
0.004718329
0.012205826
0.018683352
.469050E+02
0.008312646
0.003136793
0.000054486

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF19 +
BF25 BF29 BF31 BF35 BF39 +
BF43 BF47 BF51 BF55 BF59 BF63 +
BF67 +
BF71 +
BF75 BF79;

0.024061494
0.063889898
0.000431317
0.007059748
.157654E+03
0.006487628
0.050058659
0.050233565
0.013309002
0.002572353
0.003830088
0.001138455
.191112E+02
0.004836960
0.018438017

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF23
BF27
BF30
BF33
BF37
BF41
BF45
BF49
BF53
BF57
BF61
BF65
BF69
BF73
BF77

114

MODEL C10 2002 CATERPILLAR
BF1 = max(0, TQE - .125843E+04);
BF2 = max(0, .125843E+04 - TQE );
BF3 = max(0, MAP - .224497E+02);
BF4 = max(0, .224497E+02 - MAP );
BF5 = max(0, TIM - 3.900000811);
BF6 = max(0, 3.900000811 - TIM );
BF7 = max(0, FR - 0.004858610);
BF8 = max(0, 0.004858610 - FR );
BF9 = max(0, RPM - .147850E+04);
BF10 = max(0, .147850E+04 - RPM );
BF11 = max(0, MAT - .620000E+02);
BF12 = max(0, .620000E+02 - MAT );
BF13 = max(0, FR - 0.003932040);
BF15 = max(0, MAP - .268071E+02) * BF1;
BF16 = max(0, .268071E+02 - MAP ) * BF1;
BF17 = max(0, OT - .217000E+03) * BF7;
BF18 = max(0, .217000E+03 - OT ) * BF7;
BF19 = max(0, MAP - .286250E+02) * BF5;
BF20 = max(0, .286250E+02 - MAP ) * BF5;
BF21 = max(0, TQE - .109490E+04) * BF12;
BF22 = max(0, .109490E+04 - TQE ) * BF12;
BF23 = max(0, FR - 0.003636920) * BF9;
BF24 = max(0, 0.003636920 - FR ) * BF9;
BF25 = max(0, TQE - .114624E+04) * BF8;
BF26 = max(0, .114624E+04 - TQE ) * BF8;
BF27 = max(0, TQE - .128548E+04) * BF13;
BF28 = max(0, .128548E+04 - TQE ) * BF13;
BF29 = max(0, TQE - .115050E+04) * BF3;
BF30 = max(0, .115050E+04 - TQE ) * BF3;
BF32 = max(0, .242199E+02 - MAP ) * BF7;
BF33 = max(0, TQE - .128737E+04) * BF4;
BF34 = max(0, .128737E+04 - TQE ) * BF4;
BF35 = max(0, TQE - .113257E+04) * BF4;
BF37 = max(0, MAP - .239919E+02) * BF8;
BF38 = max(0, .239919E+02 - MAP ) * BF8;
BF39 = max(0, VS - .638279E+02) * BF20;
BF40 = max(0, .638279E+02 - VS ) * BF20;
BF41 = max(0, RPM - .155597E+04) * BF1;
BF42 = max(0, .155597E+04 - RPM ) * BF1;
BF43 = max(0, MAT - .903712E+02) * BF3;
BF44 = max(0, .903712E+02 - MAT ) * BF3;
BF45 = max(0, VS - .680996E+02);
BF46 = max(0, .680996E+02 - VS );
BF47 = max(0, TQE - .107189E+04) * BF44;
BF48 = max(0, .107189E+04 - TQE ) * BF44;
BF49 = max(0, OT - .203857E+03) * BF12;
BF50 = max(0, .203857E+03 - OT ) * BF12;
BF51 = max(0, MAP - .196117E+02) * BF10;
BF52 = max(0, .196117E+02 - MAP ) * BF10;
BF53 = max(0, TQE - .120897E+04) * BF5;
BF54 = max(0, .120897E+04 - TQE ) * BF5;
BF55 = max(0, FR - 0.004313960) * BF6;
BF56 = max(0, 0.004313960 - FR ) * BF6;
BF57 = max(0, VS - .561497E+02) * BF6;
BF58 = max(0, .561497E+02 - VS ) * BF6;
BF59 = max(0, RPM - .178103E+04) * BF4;
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BF60
BF61
BF62
BF63
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

.178103E+04 - RPM ) * BF4;
MAT - .645033E+02) * BF37;
.645033E+02 - MAT ) * BF37;
TQE - .774013E+03) * BF13;
MAP - .237254E+02) * BF11;
.237254E+02 - MAP ) * BF11;
VS - .588017E+02) * BF11;
.588017E+02 - VS ) * BF11;
TIM - .101180E+02) * BF9;
.101180E+02 - TIM ) * BF9;
TIM - 1.797140479) * BF68;
1.797140479 - TIM ) * BF68;
MAP - .295513E+02) * BF68;
.295513E+02 - MAP ) * BF68;
MAT - .840000E+02) * BF53;
.840000E+02 - MAT ) * BF53;
MAP - .231466E+02) * BF53;
.231466E+02 - MAP ) * BF53;
VS - .667273E+02) * BF11;

Y = 0.381934345 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.002447541
0.001792366
0.028507775
.566122E+02
0.000736489
0.006309173
0.000015287
.142586E+02
0.003411826
0.000064349
0.022401411
1.852867723
1.980057120
0.000097193
.886230E+02
0.000019794
.110410E+03
0.000233799
0.000015250
0.000604884
0.027802309
0.000001958
0.001013414
0.000092903
0.000165466
.115520E+03
0.008067254
0.000113219
2.147175074
1.192489505
0.000085212
0.000054418
0.000031411
0.000019438
0.000003172
0.000005908
0.000019128

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 + 0.000304398 * BF2
BF3 - 0.026731323 * BF4
BF5 + .467495E+03 * BF7
BF8 - 0.000453298 * BF9
BF10 + 0.000676486 * BF11
BF12 + .505266E+03 * BF13
BF15 - 0.000235873 * BF16
BF17 - 5.065595627 * BF18
BF19 - 0.000180273 * BF20
BF21 + 0.000009586 * BF22
BF23 + 0.027252819 * BF24
BF25 - 0.127762541 * BF26
BF27 - 0.743007064 * BF28
BF29 + 0.000025296 * BF30
BF32 - 0.000122646 * BF33
BF34 + 0.000178785 * BF35
BF37 - 1.413413286 * BF38
BF39 - 0.000034606 * BF40
BF41 + 0.000001790 * BF42
BF43 - 0.000698901 * BF44
BF45 + 0.000623973 * BF46
BF47 + 0.000012240 * BF48
BF49 - 0.001129904 * BF50
BF51 - 0.000005362 * BF52
BF53 - 0.000014264 * BF54
BF55 + 3.186871767 * BF56
BF57 - 0.001194598 * BF58
BF59 - 0.000028042 * BF60
BF61 + .472182E+02 * BF62
BF63 - 0.000338371 * BF65
BF66 + 0.000134266 * BF67
BF68 - 0.000021345 * BF69
BF70 + 0.000005764 * BF71
BF72 - 0.000056841 * BF73
BF74 - 0.000000482 * BF75
BF76 - 0.000020714 * BF77
BF78 - 0.000582820 * BF79;
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MODEL C15 2002 CATERPILLAR
BF1 = max(0, TQE - .122253E+04);
BF2 = max(0, .122253E+04 - TQE );
BF3 = max(0, TIM - 4.484839916);
BF4 = max(0, 4.484839916 - TIM );
BF5 = max(0, MAP - .195454E+02);
BF6 = max(0, .195454E+02 - MAP );
BF7 = max(0, RPM - .139225E+04);
BF8 = max(0, .139225E+04 - RPM );
BF9 = max(0, OT - .213000E+03);
BF10 = max(0, .213000E+03 - OT );
BF11 = max(0, MAP - .181046E+02) * BF7;
BF12 = max(0, .181046E+02 - MAP ) * BF7;
BF13 = max(0, MAT - .730000E+02);
BF14 = max(0, .730000E+02 - MAT );
BF15 = max(0, TIM - 6.228670120) * BF12;
BF16 = max(0, 6.228670120 - TIM ) * BF12;
BF17 = max(0, RPM - .130494E+04) * BF13;
BF18 = max(0, .130494E+04 - RPM ) * BF13;
BF19 = max(0, VS - .285000E+02);
BF20 = max(0, .285000E+02 - VS );
BF21 = max(0, MAP - .237868E+02) * BF19;
BF22 = max(0, .237868E+02 - MAP ) * BF19;
BF23 = max(0, TIM - .134371E+02) * BF1;
BF24 = max(0, .134371E+02 - TIM ) * BF1;
BF25 = max(0, MAT - .105556E+03) * BF19;
BF26 = max(0, .105556E+03 - MAT ) * BF19;
BF27 = max(0, RPM - .149287E+04) * BF26;
BF28 = max(0, .149287E+04 - RPM ) * BF26;
BF29 = max(0, OT - .211651E+03) * BF26;
BF30 = max(0, .211651E+03 - OT ) * BF26;
BF31 = max(0, FR - 0.002725520) * BF7;
BF33 = max(0, TQE - .801453E+03) * BF7;
BF34 = max(0, .801453E+03 - TQE ) * BF7;
BF35 = max(0, MAP - .258220E+02) * BF33;
BF36 = max(0, .258220E+02 - MAP ) * BF33;
BF37 = max(0, FR - 0.006342540) * BF36;
BF38 = max(0, 0.006342540 - FR ) * BF36;
BF39 = max(0, TIM - 6.235680103) * BF14;
BF40 = max(0, 6.235680103 - TIM ) * BF14;
BF41 = max(0, VS - .392912E+02) * BF1;
BF42 = max(0, .392912E+02 - VS ) * BF1;
BF43 = max(0, FR - 0.006135210) * BF11;
BF44 = max(0, 0.006135210 - FR ) * BF11;
BF45 = max(0, MAT - .669202E+02) * BF22;
BF46 = max(0, .669202E+02 - MAT ) * BF22;
BF47 = max(0, TIM - 7.842279911) * BF2;
BF48 = max(0, 7.842279911 - TIM ) * BF2;
BF49 = max(0, TQE - .121627E+04) * BF16;
BF50 = max(0, .121627E+04 - TQE ) * BF16;
BF51 = max(0, FR - 0.006620560) * BF29;
BF52 = max(0, 0.006620560 - FR ) * BF29;
BF53 = max(0, TIM - 8.399999619) * BF5;
BF54 = max(0, 8.399999619 - TIM ) * BF5;
BF55 = max(0, TIM - 9.456540108) * BF6;
BF56 = max(0, 9.456540108 - TIM ) * BF6;
BF57 = max(0, TQE - .167144E+04) * BF53;
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BF58
BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

.167144E+04 - TQE ) * BF53;
TIM - 5.518959999) * BF37;
5.518959999 - TIM ) * BF37;
MAT - .930000E+02) * BF59;
.930000E+02 - MAT ) * BF59;
RPM - .136530E+04) * BF10;
.136530E+04 - RPM ) * BF10;
TIM - 0.258070916) * BF44;
0.258070916 - TIM ) * BF44;
CT - .197000E+03) * BF36;
.197000E+03 - CT ) * BF36;
OT - .207187E+03) * BF68;
.207187E+03 - OT ) * BF68;
MAT - .768108E+02) * BF68;
.768108E+02 - MAT ) * BF68;
MAT - .104214E+03) * BF64;
.104214E+03 - MAT ) * BF64;
VS - .690000E+02) * BF9;
.690000E+02 - VS ) * BF9;
MAT - .102000E+03) * BF58;
.102000E+03 - MAT ) * BF58;
MAT - .149000E+03) * BF24;
.149000E+03 - MAT ) * BF24;

Y = 0.623302519 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

0.000093180
0.045464903
0.036012400
0.000924697
0.001772246
0.000025713
0.002732951
0.000000207
0.000001565
0.002879607
0.000522202
0.000154702
0.000033794
0.000000372
0.000062745
0.147964999
0.000000140
0.000000041
0.000014771
0.001839085
0.000000123
0.059955597
0.000018869
0.000006436
0.000000001
0.045028985
0.000161187
0.001554417
0.000015317
0.000082572
0.000000150
0.000196883
0.025951415
0.000000003
.196740E-09

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 + 0.000207305 * BF2
BF3 - 0.030845832 * BF4
BF5 - 0.055454254 * BF6
BF7 + 0.000767894 * BF8
BF9 + 0.001123484 * BF10
BF11 + 0.000077518 * BF12
BF13 - 0.007384390 * BF14
BF15 - 0.000001068 * BF16
BF17 + 0.000033892 * BF18
BF19 + 0.005103446 * BF20
BF21 - 0.000198631 * BF22
BF23 - 0.000046097 * BF24
BF25 + 0.000078722 * BF26
BF27 + 0.000000005 * BF28
BF29 + 0.000000737 * BF30
BF31 - 0.000000264 * BF33
BF34 + 0.000000005 * BF35
BF36 - 0.000068066 * BF37
BF38 - 0.001206084 * BF39
BF40 - 0.000004849 * BF41
BF42 - 0.008663799 * BF43
BF44 - 0.000001966 * BF45
BF46 - 0.000050061 * BF47
BF48 + 0.000000128 * BF49
BF50 - 0.622933865 * BF51
BF52 - 0.001704020 * BF53
BF54 - 0.009546410 * BF55
BF56 - 0.000080553 * BF57
BF58 + 0.000003316 * BF59
BF60 + 0.000000405 * BF61
BF62 + 0.000000963 * BF63
BF64 + 0.005473848 * BF65
BF66 - 0.000000005 * BF67
BF68 + 0.000000001 * BF69
BF70 - .252737E-10 * BF71
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+
+
+
+
+

.350001E-09
0.000003584
0.000119977
0.000001598
0.000000325

*
*
*
*
*

BF72 BF74 +
BF76 BF78 BF80;

0.000084938
0.041835446
0.000000038
0.000014895

*
*
*
*

BF73
BF75
BF77
BF79
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MODEL 3126 2003 CATERPILLAR
BF1 = max(0, FR - 0.002989830);
BF2 = max(0, 0.002989830 - FR );
BF3 = max(0, TQE - .468574E+03);
BF4 = max(0, .468574E+03 - TQE );
BF5 = max(0, TIM - 5.000000000);
BF6 = max(0, 5.000000000 - TIM );
BF7 = max(0, CT - .186991E+03);
BF8 = max(0, .186991E+03 - CT );
BF9 = max(0, RPM - .212263E+04);
BF10 = max(0, .212263E+04 - RPM );
BF11 = max(0, MAP - .208393E+02);
BF12 = max(0, .208393E+02 - MAP );
BF13 = max(0, CT - .186450E+03) * BF5;
BF15 = max(0, MAP - .166250E+02);
BF16 = max(0, .166250E+02 - MAP );
BF17 = max(0, TQE - .497769E+03) * BF6;
BF18 = max(0, .497769E+03 - TQE ) * BF6;
BF19 = max(0, RPM - .199467E+04) * BF6;
BF20 = max(0, .199467E+04 - RPM ) * BF6;
BF21 = max(0, TQE - .351790E+03) * BF16;
BF22 = max(0, .351790E+03 - TQE ) * BF16;
BF23 = max(0, FR - 0.002465120) * BF16;
BF24 = max(0, 0.002465120 - FR ) * BF16;
BF25 = max(0, MAP - .110580E+02) * BF7;
BF26 = max(0, .110580E+02 - MAP ) * BF7;
BF27 = max(0, RPM - .233100E+04) * BF7;
BF28 = max(0, .233100E+04 - RPM ) * BF7;
BF29 = max(0, TIM - 6.500000000) * BF15;
BF30 = max(0, 6.500000000 - TIM ) * BF15;
BF31 = max(0, TIM - 9.414660454) * BF1;
BF32 = max(0, 9.414660454 - TIM ) * BF1;
BF33 = max(0, VS - .635263E+02) * BF16;
BF34 = max(0, .635263E+02 - VS ) * BF16;
BF35 = max(0, FR - 0.002646640) * BF15;
BF36 = max(0, 0.002646640 - FR ) * BF15;
BF37 = max(0, RPM - .246267E+04) * BF8;
BF38 = max(0, .246267E+04 - RPM ) * BF8;
BF39 = max(0, VS - .705000E+02) * BF38;
BF41 = max(0, VS - .315000E+02) * BF17;
BF42 = max(0, .315000E+02 - VS ) * BF17;
BF43 = max(0, MAP - .165246E+02) * BF31;
BF44 = max(0, .165246E+02 - MAP ) * BF31;
BF45 = max(0, VS - .525000E+02) * BF1;
BF46 = max(0, .525000E+02 - VS ) * BF1;
BF47 = max(0, RPM - .197183E+04) * BF34;
BF48 = max(0, .197183E+04 - RPM ) * BF34;
BF49 = max(0, MAP - .218356E+02) * BF1;
BF50 = max(0, .218356E+02 - MAP ) * BF1;
BF51 = max(0, MAT - .115026E+03) * BF50;
BF52 = max(0, .115026E+03 - MAT ) * BF50;
BF53 = max(0, MAP - .170034E+02) * BF4;
BF54 = max(0, .170034E+02 - MAP ) * BF4;
BF55 = max(0, RPM - .190409E+04) * BF53;
BF56 = max(0, .190409E+04 - RPM ) * BF53;
BF57 = max(0, VS - .641179E+02) * BF52;
BF58 = max(0, .641179E+02 - VS ) * BF52;
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BF59
BF60
BF61
BF62
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

TIM - .108680E+02) * BF50;
.108680E+02 - TIM ) * BF50;
FR - 0.002882980) * BF9;
0.002882980 - FR ) * BF9;
0.002039800 - FR ) * BF6;
RPM - .201096E+04) * BF64;
.201096E+04 - RPM ) * BF64;
MAT - .930000E+02) * BF12;
.930000E+02 - MAT ) * BF12;
TIM - 5.179349899) * BF67;
5.179349899 - TIM ) * BF67;
CT - .185760E+03) * BF69;
.185760E+03 - CT ) * BF69;
MAT - .744146E+02) * BF5;
.744146E+02 - MAT ) * BF5;
TQE - .347256E+03) * BF67;
.347256E+03 - TQE ) * BF67;
TQE - .501016E+03) * BF72;
.501016E+03 - TQE ) * BF72;
MAT - .123354E+03) * BF49;
.123354E+03 - MAT ) * BF49;

Y = 0.152169004 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

.443896E+02
0.000146153
0.005779369
0.010699787
0.000140902
0.002516178
0.000419673
0.000398065
0.000017986
0.000032154
9.543048859
0.000811126
0.000005292
0.000590532
.322657E+03
0.000237796
8.745506287
0.000108743
0.003935027
0.000041232
.197725E+02
1.705687881
0.000000140
0.282396764
0.000049171
0.000000084
0.574123442
.159783E+03
0.163419306
.153764E+02
0.021594601
0.000047408
0.000017931
0.000099164
0.000360457
0.000000275
0.000000273

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - .337192E+02 * BF2
BF3 - 0.000115576 * BF4
BF5 - 0.004007877 * BF6
BF7 - 0.000757598 * BF8
BF9 + 0.000008902 * BF10
BF11 + 0.001719193 * BF12
BF13 + 0.006591338 * BF15
BF17 - 0.000006868 * BF18
BF19 + 0.000010096 * BF20
BF21 + 0.000091309 * BF22
BF23 + 0.739491761 * BF24
BF25 - 0.002527205 * BF26
BF27 - 0.000009046 * BF28
BF29 - 0.000786490 * BF30
BF31 + .228536E+02 * BF32
BF33 + 0.000008832 * BF34
BF35 - 2.017301559 * BF36
BF37 - 0.000006112 * BF38
BF39 - 0.000020939 * BF41
BF42 - .546678E+02 * BF43
BF44 - 3.707236052 * BF45
BF46 + 0.000000663 * BF47
BF48 + .122846E+02 * BF49
BF51 - 4.680498600 * BF52
BF53 - 0.000069923 * BF54
BF55 - 0.000000400 * BF56
BF57 + 0.152629480 * BF58
BF59 - 1.329696536 * BF60
BF61 + 0.068924487 * BF62
BF64 - 0.040958721 * BF65
BF66 + 0.000067515 * BF67
BF68 - 0.000027757 * BF69
BF70 + 0.000001940 * BF71
BF72 + 0.000081989 * BF73
BF74 - 0.000000638 * BF75
BF76 - 0.000360366 * BF77
BF78 + 1.086735368 * BF79
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+ 5.493851662 * BF80;
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MODEL C9 2003 CATERPILLAR
BF1 = max(0, FR - 0.004382120);
BF2 = max(0, 0.004382120 - FR );
BF3 = max(0, TQE - .868844E+03);
BF4 = max(0, .868844E+03 - TQE );
BF5 = max(0, VS - .543775E+02);
BF6 = max(0, .543775E+02 - VS );
BF7 = max(0, VS - .506905E+02) * BF3;
BF8 = max(0, .506905E+02 - VS ) * BF3;
BF9 = max(0, MAT - .106003E+03);
BF10 = max(0, .106003E+03 - MAT );
BF11 = max(0, VS - .175000E+02);
BF12 = max(0, .175000E+02 - VS );
BF13 = max(0, RPM - .181536E+04);
BF14 = max(0, .181536E+04 - RPM );
BF15 = max(0, FR - 0.003164560) * BF14;
BF16 = max(0, 0.003164560 - FR ) * BF14;
BF17 = max(0, CT - .157097E+03);
BF18 = max(0, .157097E+03 - CT );
BF19 = max(0, VS - .540956E+02) * BF14;
BF20 = max(0, .540956E+02 - VS ) * BF14;
BF21 = max(0, MAP - .252022E+02) * BF14;
BF22 = max(0, .252022E+02 - MAP ) * BF14;
BF23 = max(0, TIM - 1.799999833) * BF1;
BF24 = max(0, 1.799999833 - TIM ) * BF1;
BF25 = max(0, MAT - .780000E+02) * BF17;
BF26 = max(0, .780000E+02 - MAT ) * BF17;
BF27 = max(0, FR - 0.004280520) * BF6;
BF28 = max(0, 0.004280520 - FR ) * BF6;
BF29 = max(0, CT - .193804E+03) * BF15;
BF30 = max(0, .193804E+03 - CT ) * BF15;
BF31 = max(0, VS - .376695E+02) * BF4;
BF32 = max(0, .376695E+02 - VS ) * BF4;
BF33 = max(0, MAT - .826653E+02) * BF30;
BF34 = max(0, .826653E+02 - MAT ) * BF30;
BF35 = max(0, RPM - .145489E+04) * BF5;
BF36 = max(0, .145489E+04 - RPM ) * BF5;
BF37 = max(0, RPM - .153916E+04) * BF1;
BF38 = max(0, .153916E+04 - RPM ) * BF1;
BF39 = max(0, TIM + .112703E+02) * BF12;
BF40 = max(0, - .112703E+02 - TIM ) * BF12;
BF41 = max(0, TIM - 9.677470207) * BF25;
BF42 = max(0, 9.677470207 - TIM ) * BF25;
BF43 = max(0, TIM + 1.203999996) * BF10;
BF44 = max(0, - 1.203999996 - TIM ) * BF10;
BF45 = max(0, FR - 0.004170600) * BF3;
BF46 = max(0, 0.004170600 - FR ) * BF3;
BF47 = max(0, FR - 0.003768930) * BF39;
BF48 = max(0, 0.003768930 - FR ) * BF39;
BF49 = max(0, RPM - .148128E+04) * BF27;
BF50 = max(0, .148128E+04 - RPM ) * BF27;
BF51 = max(0, MAP - .260591E+02) * BF46;
BF52 = max(0, .260591E+02 - MAP ) * BF46;
BF53 = max(0, CT - .174283E+03) * BF2;
BF54 = max(0, .174283E+03 - CT ) * BF2;
BF55 = max(0, MAT - .801715E+02) * BF51;
BF56 = max(0, .801715E+02 - MAT ) * BF51;

123

BF57
BF58
BF59
BF60
BF61
BF62
BF63
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

TIM - 5.408889771) * BF49;
5.408889771 - TIM ) * BF49;
MAT - .800000E+02) * BF53;
.800000E+02 - MAT ) * BF53;
FR - 0.003152560) * BF10;
0.003152560 - FR ) * BF10;
VS - .518914E+02) * BF14;
MAP - .190053E+02) * BF36;
.190053E+02 - MAP ) * BF36;
TQE - .488328E+03) * BF66;
.488328E+03 - TQE ) * BF66;
MAP - .245822E+02) * BF8;
.245822E+02 - MAP ) * BF8;
VS - .485000E+02) * BF13;
.485000E+02 - VS ) * BF13;
CT - .204846E+03) * BF7;
.204846E+03 - CT ) * BF7;
TQE - .105228E+04) * BF37;
.105228E+04 - TQE ) * BF37;
MAT - .831882E+02) * BF31;
.831882E+02 - MAT ) * BF31;
FR - 0.003159390) * BF77;
0.003159390 - FR ) * BF77;

Y = 0.095759600 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

.576157E+02
0.000070406
0.002729149
0.000006986
0.001054080
0.000043904
0.090375736
0.000307128
0.000169425
0.000014379
8.724447250
0.000027240
1.751824379
0.000663463
0.000002603
0.002532434
0.000286670
0.087380938
0.000908695
0.000079128
0.000055549
0.219843850
0.669131577
0.002775858
0.978187501
0.288000166
0.385124445
0.000923354
0.074127205
0.143268749
0.000015731
0.000016818
0.000002149
0.000000257
0.000012186

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF2 + 0.000005396 * BF3
BF4 - 0.016972864 * BF5
BF6 - 0.000043821 * BF7
BF8 - 0.004851733 * BF9
BF10 + 0.003156243 * BF11
BF13 - 0.000019513 * BF14
BF15 + 0.082635574 * BF16
BF17 + 0.018794075 * BF18
BF19 - 0.000003370 * BF20
BF21 - 0.000001432 * BF22
BF23 - 5.548895359 * BF24
BF25 + 0.000009733 * BF26
BF27 + 0.599080980 * BF28
BF29 - 0.006849377 * BF30
BF31 - 0.000004442 * BF32
BF33 + 0.000234466 * BF34
BF35 - 0.001932802 * BF36
BF37 - 0.966192186 * BF38
BF39 + 0.004360769 * BF40
BF41 + 0.000001724 * BF42
BF43 + 0.000033284 * BF44
BF45 + 0.120706581 * BF46
BF47 - 0.345419198 * BF48
BF49 + 0.031675670 * BF50
BF51 - 0.006845107 * BF52
BF53 + 3.344638824 * BF54
BF55 - 0.101595975 * BF56
BF57 + 0.000303325 * BF58
BF59 + 0.028411783 * BF60
BF61 - 0.603208959 * BF62
BF63 + 0.000051629 * BF65
BF66 + 0.000001205 * BF67
BF68 + 0.000001209 * BF69
BF70 - 0.000038097 * BF71
BF72 + 0.000023736 * BF73
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+
+
-

0.000000738
0.000085174
0.000000138
0.003300367

*
*
*
*

BF74 - 0.001359298 * BF75
BF76 + 0.000001692 * BF77
BF78 - 0.005649370 * BF79
BF80;
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MODEL C15 2003 CATERPILLAR
BF1 = max(0, TIM - 9.622329712);
BF2 = max(0, 9.622329712 - TIM );
BF4 = max(0, .123000E+03 - MAT );
BF5 = max(0, TQE - .128111E+04);
BF6 = max(0, .128111E+04 - TQE );
BF7 = max(0, MAP - .233353E+02);
BF8 = max(0, .233353E+02 - MAP );
BF9 = max(0, RPM - .138915E+04);
BF10 = max(0, .138915E+04 - RPM );
BF11 = max(0, FR - 0.007167370);
BF12 = max(0, 0.007167370 - FR );
BF13 = max(0, TIM - 9.816300392) * BF9;
BF14 = max(0, 9.816300392 - TIM ) * BF9;
BF15 = max(0, MAP - 7.253959179) * BF4;
BF17 = max(0, FR - 0.007259220) * BF14;
BF18 = max(0, 0.007259220 - FR ) * BF14;
BF19 = max(0, OT - .215000E+03) * BF12;
BF20 = max(0, .215000E+03 - OT ) * BF12;
BF21 = max(0, VS - .440000E+02) * BF12;
BF22 = max(0, .440000E+02 - VS ) * BF12;
BF23 = max(0, RPM - .190800E+04) * BF11;
BF24 = max(0, .190800E+04 - RPM ) * BF11;
BF25 = max(0, TQE - .147684E+04) * BF11;
BF26 = max(0, .147684E+04 - TQE ) * BF11;
BF27 = max(0, VS - .605000E+02) * BF24;
BF28 = max(0, .605000E+02 - VS ) * BF24;
BF29 = max(0, CT - .192000E+03) * BF22;
BF30 = max(0, .192000E+03 - CT ) * BF22;
BF31 = max(0, MAP - .242500E+02) * BF26;
BF32 = max(0, .242500E+02 - MAP ) * BF26;
BF33 = max(0, OT - .233000E+03) * BF2;
BF34 = max(0, .233000E+03 - OT ) * BF2;
BF35 = max(0, OT - .203000E+03) * BF9;
BF38 = max(0, .146792E+04 - TQE ) * BF9;
BF39 = max(0, MAP - .154143E+02) * BF9;
BF40 = max(0, .154143E+02 - MAP ) * BF9;
BF42 = max(0, .117806E+03 - MAT ) * BF5;
BF43 = max(0, FR - 0.007256480) * BF13;
BF44 = max(0, 0.007256480 - FR ) * BF13;
BF45 = max(0, MAT - .107029E+03) * BF35;
BF46 = max(0, .107029E+03 - MAT ) * BF35;
BF47 = max(0, VS - .680000E+02) * BF46;
BF48 = max(0, .680000E+02 - VS ) * BF46;
BF49 = max(0, MAT - .119196E+03) * BF8;
BF50 = max(0, .119196E+03 - MAT ) * BF8;
BF51 = max(0, VS - .680000E+02) * BF19;
BF52 = max(0, .680000E+02 - VS ) * BF19;
BF53 = max(0, CT - .195000E+03) * BF28;
BF54 = max(0, .195000E+03 - CT ) * BF28;
BF55 = max(0, FR - 0.004174750) * BF50;
BF57 = max(0, VS - .720000E+02) * BF38;
BF58 = max(0, .720000E+02 - VS ) * BF38;
BF59 = max(0, RPM - .162784E+04) * BF42;
BF60 = max(0, .162784E+04 - RPM ) * BF42;
BF61 = max(0, FR - 0.007751240) * BF60;
BF63 = max(0, FR - 0.005772200) * BF59;
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BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

0.005772200 - FR ) * BF59;
FR - 0.007051700) * BF49;
0.007051700 - FR ) * BF49;
CT - .200641E+03) * BF35;
.200641E+03 - CT ) * BF35;
TQE - .141370E+04) * BF67;
.141370E+04 - TQE ) * BF67;
FR - 0.001267280) * BF70;
0.001267280 - FR ) * BF70;
FR - 0.007707840) * BF68;
VS - .660422E+02) * BF73;
.660422E+02 - VS ) * BF73;
RPM - .174961E+04) * BF26;
.174961E+04 - RPM ) * BF26;
VS - .420000E+02) * BF59;
.420000E+02 - VS ) * BF59;

Y = 0.305222422 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.077565230
0.000259485
0.012304613
0.000706864
6.486160278
0.000039769
0.110037915
0.212572366
0.738057494
3.284586430
0.714824259
0.022398546
0.273734897
0.215341896
0.014586218
0.000005070
0.000008111
0.000002378
0.004297992
0.000001940
0.000000047
0.530140817
0.001310223
0.251542777
0.000000008
0.000000019
0.000112425
4.274066925
0.000000464
0.000000001
0.000001584
0.329483181
0.003474391
0.000000003

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - 0.006618847 * BF4
BF5 - 0.000068536 * BF6
BF7 - 0.001979124 * BF8
BF10 + .122229E+03 * BF11
BF12 - 0.000110167 * BF13
BF14 + 0.000329218 * BF15
BF17 - 0.004338710 * BF18
BF19 - 0.247687727 * BF20
BF21 + 4.609525681 * BF22
BF23 - 0.875254571 * BF24
BF25 - 0.609706461 * BF26
BF27 + 0.021373061 * BF28
BF29 - 0.452884614 * BF30
BF31 + 0.206979394 * BF32
BF33 + 0.000299884 * BF34
BF35 - 0.000000208 * BF38
BF39 + 0.000014677 * BF40
BF42 - 0.152933016 * BF43
BF44 + 0.000000315 * BF45
BF46 + 0.000000928 * BF47
BF48 - 0.002267792 * BF49
BF51 + 0.033691768 * BF52
BF53 - 0.003889445 * BF54
BF55 + 0.000000317 * BF57
BF58 - 0.000000158 * BF59
BF60 - 0.021616178 * BF61
BF63 + 0.000040924 * BF64
BF65 + 0.254356563 * BF66
BF67 + 0.000000630 * BF68
BF69 + 0.000000179 * BF71
BF72 + 0.067208134 * BF73
BF75 - 0.002827071 * BF76
BF77 + 0.002061067 * BF78
BF79 - 0.000000028 * BF80;
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MODEL ISB 2001 CUMMINS
BF1 = max(0, MAP - .110995E+02);
BF2 = max(0, .110995E+02 - MAP );
BF3 = max(0, TIM + 1.493890047);
BF4 = max(0, - 1.493890047 - TIM );
BF5 = max(0, MAP - .157464E+02) * BF3;
BF6 = max(0, .157464E+02 - MAP ) * BF3;
BF7 = max(0, RPM - .233492E+04) * BF4;
BF8 = max(0, .233492E+04 - RPM ) * BF4;
BF9 = max(0, FR - 0.002307590) * BF6;
BF10 = max(0, 0.002307590 - FR ) * BF6;
BF11 = max(0, MAT - .114814E+03) * BF3;
BF12 = max(0, .114814E+03 - MAT ) * BF3;
BF13 = max(0, TQE - .270000E+03) * BF2;
BF14 = max(0, .270000E+03 - TQE ) * BF2;
BF15 = max(0, FR - 0.002396450) * BF8;
BF16 = max(0, 0.002396450 - FR ) * BF8;
BF18 = max(0, .354558E+03 - TQE ) * BF5;
BF19 = max(0, VS - .570000E+02) * BF18;
BF20 = max(0, .570000E+02 - VS ) * BF18;
BF21 = max(0, MAT - .109315E+03) * BF4;
BF22 = max(0, .109315E+03 - MAT ) * BF4;
BF23 = max(0, MAP - .219116E+02) * BF3;
BF24 = max(0, .219116E+02 - MAP ) * BF3;
BF25 = max(0, TQE - .347199E+03) * BF3;
BF26 = max(0, .347199E+03 - TQE ) * BF3;
BF27 = max(0, VS - .598642E+02) * BF3;
BF28 = max(0, .598642E+02 - VS ) * BF3;
BF29 = max(0, FR - 0.003013820) * BF3;
BF30 = max(0, 0.003013820 - FR ) * BF3;
BF31 = max(0, CT - .192621E+03) * BF27;
BF32 = max(0, .192621E+03 - CT ) * BF27;
BF33 = max(0, TQE - .253000E+03) * BF21;
BF34 = max(0, .253000E+03 - TQE ) * BF21;
BF35 = max(0, TQE - .396000E+03) * BF28;
BF36 = max(0, .396000E+03 - TQE ) * BF28;
BF37 = max(0, FR - 0.001966020) * BF4;
BF38 = max(0, 0.001966020 - FR ) * BF4;
BF39 = max(0, MAP - .167203E+02) * BF37;
BF40 = max(0, .167203E+02 - MAP ) * BF37;
BF41 = max(0, TQE - .422529E+03) * BF24;
BF42 = max(0, .422529E+03 - TQE ) * BF24;
BF43 = max(0, FR - 0.002296650) * BF34;
BF44 = max(0, 0.002296650 - FR ) * BF34;
BF45 = max(0, RPM - .261899E+04) * BF27;
BF46 = max(0, .261899E+04 - RPM ) * BF27;
BF47 = max(0, MAP - .137860E+02) * BF4;
BF48 = max(0, .137860E+02 - MAP ) * BF4;
BF49 = max(0, CT - .183000E+03);
BF50 = max(0, .183000E+03 - CT );
BF51 = max(0, TQE - .368838E+03) * BF49;
BF52 = max(0, .368838E+03 - TQE ) * BF49;
BF53 = max(0, TIM + 0.687499881) * BF52;
BF54 = max(0, - 0.687499881 - TIM ) * BF52;
BF55 = max(0, MAT - .116323E+03) * BF46;
BF56 = max(0, .116323E+03 - MAT ) * BF46;
BF57 = max(0, FR - 0.002610710) * BF11;
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BF58
BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

0.002610710 - FR ) * BF11;
MAP - .213910E+02) * BF58;
.213910E+02 - MAP ) * BF58;
MAP - .185260E+02) * BF57;
.185260E+02 - MAP ) * BF57;
VS - .452232E+02) * BF61;
.452232E+02 - VS ) * BF61;
MAT - .113705E+03) * BF7;
.113705E+03 - MAT ) * BF7;
RPM - .221346E+04) * BF37;
.221346E+04 - RPM ) * BF37;
RPM - .248403E+04) * BF36;
.248403E+04 - RPM ) * BF36;
FR - 0.002803640) * BF25;
0.002803640 - FR ) * BF25;
CT - .190000E+03) * BF69;
.190000E+03 - CT ) * BF69;
TIM + 4.000000000) * BF1;
- 4.000000000 - TIM ) * BF1;
CT - .191000E+03) * BF63;
.191000E+03 - CT ) * BF63;
VS - .165000E+02) * BF38;
.165000E+02 - VS ) * BF38;

Y = 0.077095553 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.005512956
0.002646344
0.000810233
0.000030869
0.054342341
0.000026865
0.000006491
0.022141177
0.000002922
0.000157179
0.004231294
0.000114535
0.000134479
.107236E+02
0.000477238
0.000026715
0.000000519
0.577583671
5.125579357
0.000003225
0.026109576
0.000076202
0.000112131
0.001170157
0.000010030
0.000002134
0.000040611
0.752185285
0.025423946
1.426979661
0.370864511
0.000034376
0.167723373
.766272E-09
0.573001504

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 + 0.005339948 * BF3
BF4 - 0.001289580 * BF5
BF6 - 0.000008196 * BF7
BF8 + 4.008866310 * BF9
BF10 + 0.000264912 * BF11
BF12 + 0.000071417 * BF13
BF14 + 0.072451927 * BF15
BF16 + 0.000013028 * BF18
BF19 + 0.000018762 * BF20
BF21 + 0.002488161 * BF22
BF23 + 0.000044214 * BF25
BF26 - 0.001380720 * BF27
BF28 + 6.834539413 * BF29
BF30 + 0.000030926 * BF31
BF32 - 0.000003149 * BF33
BF34 - 0.000015906 * BF35
BF36 + .169068E+02 * BF37
BF38 + 0.553192973 * BF39
BF40 + 0.000998056 * BF41
BF42 + 0.043039188 * BF43
BF44 - 0.000002149 * BF45
BF46 + 0.000459982 * BF47
BF48 + 0.000067080 * BF49
BF50 + 0.000010077 * BF51
BF52 - 0.000000936 * BF53
BF54 + 0.000006388 * BF55
BF56 - 0.480130643 * BF57
BF58 - .836334E+02 * BF59
BF60 - 0.088820122 * BF61
BF62 + 0.019814268 * BF63
BF64 - 0.000001959 * BF65
BF66 - 0.037904531 * BF67
BF68 + 0.000000743 * BF69
BF70 - 0.160900772 * BF71
BF72 - 0.000000077 * BF73
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+

0.000000042
0.000252224
0.007223721
3.490283251

*
*
*
*

BF74 + 0.001401576 * BF75
BF76 - 0.000902067 * BF77
BF78 - 0.045488235 * BF79
BF80;
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MODEL N-14 2001 CUMMINS
BF1 = max(0, TIM - .243293E+02);
BF2 = max(0, .243293E+02 - TIM );
BF3 = max(0, TQE - .709000E+03);
BF4 = max(0, .709000E+03 - TQE );
BF5 = max(0, FR - 0.003105739);
BF6 = max(0, 0.003105739 - FR );
BF7 = max(0, RPM - .170545E+04);
BF8 = max(0, .170545E+04 - RPM );
BF9 = max(0, MAT - .513953E+02);
BF11 = max(0, VS - .412255E+02);
BF12 = max(0, .412255E+02 - VS );
BF13 = max(0, OT - .208250E+03) * BF9;
BF14 = max(0, .208250E+03 - OT ) * BF9;
BF15 = max(0, MAP - .101818E+02) * BF8;
BF16 = max(0, .101818E+02 - MAP ) * BF8;
BF17 = max(0, RPM - .135659E+04) * BF12;
BF18 = max(0, .135659E+04 - RPM ) * BF12;
BF19 = max(0, TIM - .290000E+02) * BF3;
BF20 = max(0, .290000E+02 - TIM ) * BF3;
BF21 = max(0, MAP - .271250E+02) * BF14;
BF22 = max(0, .271250E+02 - MAP ) * BF14;
BF23 = max(0, FR - 0.004869480) * BF3;
BF24 = max(0, 0.004869480 - FR ) * BF3;
BF25 = max(0, CT - .193160E+03) * BF22;
BF26 = max(0, .193160E+03 - CT ) * BF22;
BF27 = max(0, VS - .569084E+02) * BF5;
BF28 = max(0, .569084E+02 - VS ) * BF5;
BF29 = max(0, TIM - .290000E+02) * BF26;
BF30 = max(0, .290000E+02 - TIM ) * BF26;
BF31 = max(0, OT - .203053E+03) * BF23;
BF32 = max(0, .203053E+03 - OT ) * BF23;
BF33 = max(0, TQE - .110542E+04) * BF8;
BF34 = max(0, .110542E+04 - TQE ) * BF8;
BF35 = max(0, TIM - .300000E+02) * BF8;
BF36 = max(0, .300000E+02 - TIM ) * BF8;
BF37 = max(0, MAP - .233929E+02) * BF33;
BF38 = max(0, .233929E+02 - MAP ) * BF33;
BF39 = max(0, VS - .351090E+02) * BF23;
BF40 = max(0, .351090E+02 - VS ) * BF23;
BF41 = max(0, TIM - .132866E+02) * BF40;
BF42 = max(0, .132866E+02 - TIM ) * BF40;
BF43 = max(0, OT - .216115E+03) * BF41;
BF44 = max(0, .216115E+03 - OT ) * BF41;
BF45 = max(0, CT - .179869E+03) * BF22;
BF47 = max(0, RPM - .186520E+04) * BF31;
BF48 = max(0, .186520E+04 - RPM ) * BF31;
BF49 = max(0, RPM - .142453E+04) * BF11;
BF50 = max(0, .142453E+04 - RPM ) * BF11;
BF51 = max(0, TQE - .100526E+04) * BF11;
BF52 = max(0, .100526E+04 - TQE ) * BF11;
BF53 = max(0, TIM - .137000E+02) * BF51;
BF54 = max(0, .137000E+02 - TIM ) * BF51;
BF55 = max(0, MAT - .480000E+02) * BF52;
BF56 = max(0, .480000E+02 - MAT ) * BF52;
BF57 = max(0, MAT - .927912E+02) * BF53;
BF58 = max(0, .927912E+02 - MAT ) * BF53;
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BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF67
BF68
BF69
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

MAP - .285459E+02) * BF50;
.285459E+02 - MAP ) * BF50;
TIM - .136018E+02) * BF9;
.136018E+02 - TIM ) * BF9;
VS - .275000E+02) * BF62;
.275000E+02 - VS ) * BF62;
CT - .174821E+03) * BF41;
RPM - .159947E+04) * BF61;
.159947E+04 - RPM ) * BF61;
CT - .192848E+03) * BF27;
.171598E+02 - MAP ) * BF48;
RPM - .180719E+04) * BF21;
.180719E+04 - RPM ) * BF21;
VS - .500000E+02) * BF68;
.500000E+02 - VS ) * BF68;
OT - .216750E+03) * BF75;
.216750E+03 - OT ) * BF75;
OT - .216422E+03) * BF75;

Y = 0.446530432 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.004016912
0.000239936
.179386E+02
0.000457276
0.000993084
0.000039134
0.000113025
0.000146389
0.000015011
0.000449881
0.047165260
0.000022914
1.951698184
0.000000353
0.002885798
0.000000648
0.000022428
0.000000152
0.013397901
0.002584970
0.000804926
0.000008538
0.000016550
0.000009561
0.000001218
0.000000283
0.000000073
0.000081514
0.000253061
0.000050418
0.000198607
0.000003372
0.000009669
0.000000044
0.000015482
0.000013068

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - 0.010495086 * BF2
BF3 - 0.000233164 * BF4
BF5 - .481645E+02 * BF6
BF7 + 0.001214637 * BF8
BF9 - 0.020877425 * BF12
BF13 - 0.000025509 * BF15
BF16 + 0.000035431 * BF17
BF18 - 0.000313483 * BF19
BF20 + 0.000011622 * BF21
BF22 - 0.069739103 * BF23
BF24 - 0.000036925 * BF25
BF26 - 1.556442499 * BF27
BF28 - 0.000007251 * BF29
BF30 + 0.004080908 * BF31
BF32 + 0.000000207 * BF33
BF34 + 0.001048863 * BF35
BF36 + 0.000000045 * BF37
BF38 + 0.001824710 * BF39
BF40 + 0.007963115 * BF41
BF42 - 0.029814739 * BF43
BF44 + 0.000034463 * BF45
BF47 - 0.000010191 * BF48
BF49 - 0.000026506 * BF50
BF51 - 0.000005522 * BF52
BF53 + 0.000009110 * BF54
BF55 + 0.000002092 * BF56
BF57 + 0.000000012 * BF58
BF59 - 0.000001524 * BF60
BF61 + 0.000390140 * BF62
BF63 - 0.000152071 * BF64
BF65 - 0.000000290 * BF67
BF68 - 0.380745173 * BF69
BF72 + 0.000000225 * BF73
BF74 + 0.000000242 * BF76
BF77 + 0.000000012 * BF78
BF79;
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MODEL ISB 2002 CUMMINS
BF1 = max(0, FR - 0.003511300);
BF2 = max(0, 0.003511300 - FR );
BF3 = max(0, MAP - .220154E+02);
BF4 = max(0, .220154E+02 - MAP );
BF5 = max(0, TIM - 1.719170094);
BF6 = max(0, 1.719170094 - TIM );
BF7 = max(0, MAT - .116163E+03) * BF3;
BF8 = max(0, .116163E+03 - MAT ) * BF3;
BF9 = max(0, VS - .536286E+02) * BF3;
BF10 = max(0, .536286E+02 - VS ) * BF3;
BF11 = max(0, FR - 0.002798680) * BF9;
BF12 = max(0, 0.002798680 - FR ) * BF9;
BF13 = max(0, VS - .695000E+02) * BF6;
BF14 = max(0, .695000E+02 - VS ) * BF6;
BF15 = max(0, TQE - .581180E+03) * BF6;
BF16 = max(0, .581180E+03 - TQE ) * BF6;
BF17 = max(0, FR - 0.003007620) * BF10;
BF18 = max(0, 0.003007620 - FR ) * BF10;
BF19 = max(0, MAT - .168457E+03);
BF20 = max(0, .168457E+03 - MAT );
BF21 = max(0, FR - 0.002469270) * BF15;
BF22 = max(0, 0.002469270 - FR ) * BF15;
BF23 = max(0, RPM - .211055E+04) * BF4;
BF24 = max(0, .211055E+04 - RPM ) * BF4;
BF25 = max(0, TIM - 2.000000000) * BF17;
BF26 = max(0, 2.000000000 - TIM ) * BF17;
BF27 = max(0, FR - 0.001911040) * BF3;
BF28 = max(0, 0.001911040 - FR ) * BF3;
BF29 = max(0, CT - .185508E+03) * BF20;
BF30 = max(0, .185508E+03 - CT ) * BF20;
BF31 = max(0, VS - .698101E+02) * BF30;
BF32 = max(0, .698101E+02 - VS ) * BF30;
BF33 = max(0, TQE - .601186E+03) * BF30;
BF34 = max(0, .601186E+03 - TQE ) * BF30;
BF35 = max(0, VS - .595431E+02) * BF29;
BF36 = max(0, .595431E+02 - VS ) * BF29;
BF37 = max(0, MAP - .242641E+02) * BF20;
BF38 = max(0, .242641E+02 - MAP ) * BF20;
BF39 = max(0, TQE - .509623E+03) * BF7;
BF40 = max(0, .509623E+03 - TQE ) * BF7;
BF41 = max(0, RPM - .191109E+04) * BF3;
BF42 = max(0, .191109E+04 - RPM ) * BF3;
BF43 = max(0, FR - 0.002050310) * BF6;
BF44 = max(0, 0.002050310 - FR ) * BF6;
BF45 = max(0, CT - .191595E+03) * BF43;
BF46 = max(0, .191595E+03 - CT ) * BF43;
BF47 = max(0, MAP - .240471E+02) * BF46;
BF48 = max(0, .240471E+02 - MAP ) * BF46;
BF49 = max(0, VS - .458511E+02) * BF20;
BF50 = max(0, .458511E+02 - VS ) * BF20;
BF51 = max(0, RPM - .229549E+04) * BF49;
BF52 = max(0, .229549E+04 - RPM ) * BF49;
BF53 = max(0, FR - 0.002920350) * BF52;
BF54 = max(0, 0.002920350 - FR ) * BF52;
BF55 = max(0, FR - 0.002736000) * BF16;
BF56 = max(0, 0.002736000 - FR ) * BF16;
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BF57
BF58
BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

TQE - .629546E+03) * BF42;
.629546E+03 - TQE ) * BF42;
VS - .670000E+02) * BF33;
.670000E+02 - VS ) * BF33;
MAT - .106385E+03) * BF2;
.106385E+03 - MAT ) * BF2;
MAP - .234519E+02) * BF34;
.234519E+02 - MAP ) * BF34;
TIM - 2.312500000) * BF41;
2.312500000 - TIM ) * BF41;
FR - 0.003628520) * BF38;
0.003628520 - FR ) * BF38;
VS - .555707E+02) * BF56;
RPM - .227564E+04) * BF35;
.227564E+04 - RPM ) * BF35;
MAT - .110471E+03) * BF17;
.110471E+03 - MAT ) * BF17;
CT - .178794E+03) * BF50;
.178794E+03 - CT ) * BF50;
CT - .194665E+03) * BF8;
.194665E+03 - CT ) * BF8;
MAT - .990000E+02) * BF21;
.990000E+02 - MAT ) * BF21;

Y = 0.142785922 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

.108565E+02
0.032344211
0.009463878
0.000048495
0.000097127
1.898100376
0.000096730
0.000032170
0.129459769
0.001103912
1.630742311
0.000003646
0.620152354
.452894E+02
0.000073918
0.000002944
0.000000060
0.000003082
0.000010225
0.000004759
5.036549091
3.149669170
0.892168701
0.000015691
0.000000300
0.000177584
0.049531352
0.000002276
0.000074078
0.371762902
0.000000782
0.000010089
0.370764703
0.001258645
0.000000042

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - .278515E+02 * BF2
BF3 - 0.002578540 * BF4
BF5 - 0.007569983 * BF6
BF8 - 0.000834161 * BF9
BF10 + 1.857399583 * BF11
BF12 + 0.002532124 * BF13
BF14 - 0.000008844 * BF15
BF16 + 2.066125631 * BF17
BF18 - 0.005460031 * BF19
BF20 + 0.119285330 * BF21
BF22 + 0.000017096 * BF23
BF24 + 0.308414191 * BF25
BF26 - .179735E+02 * BF27
BF28 + 0.000031758 * BF29
BF30 + 0.000642319 * BF31
BF32 - 0.000000894 * BF33
BF34 - 0.000000189 * BF35
BF36 - 0.000198350 * BF37
BF39 + 0.000046157 * BF40
BF41 + 0.000007717 * BF42
BF43 + 0.925285816 * BF44
BF45 + 0.835262597 * BF46
BF47 - 0.145698071 * BF48
BF49 - 0.000036485 * BF50
BF51 - 0.000000068 * BF52
BF53 + 0.000048228 * BF54
BF55 + 0.000740302 * BF56
BF57 - 0.000001265 * BF58
BF59 + 0.000000032 * BF60
BF61 + 0.597021759 * BF62
BF63 + 0.000000021 * BF64
BF65 - 0.000012466 * BF66
BF67 - 0.025044568 * BF68
BF69 - 0.000000084 * BF71
BF72 - 0.061055921 * BF73
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+
+
-

0.085405372
0.000018429
0.000030604
0.054362204

*
*
*
*

BF74 + 0.000003808 * BF75
BF76 - 0.001040446 * BF77
BF78 - 0.011165324 * BF79
BF80;
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MODEL ISC 2002 CUMMINS
BF1 = max(0, RPM - .187223E+04);
BF2 = max(0, .187223E+04 - RPM );
BF3 = max(0, MAP - 8.417438507);
BF4 = max(0, 8.417438507 - MAP );
BF6 = max(0, .162604E+02 - MAP ) * BF1;
BF7 = max(0, TIM - 5.000000000);
BF8 = max(0, 5.000000000 - TIM );
BF9 = max(0, TQE - .502654E+03);
BF10 = max(0, .502654E+03 - TQE );
BF11 = max(0, TQE - .373320E+03);
BF12 = max(0, .373320E+03 - TQE );
BF13 = max(0, RPM - .198920E+04) * BF8;
BF14 = max(0, .198920E+04 - RPM ) * BF8;
BF15 = max(0, FR - 0.002307400);
BF16 = max(0, 0.002307400 - FR );
BF17 = max(0, MAT - .447334E+02) * BF16;
BF18 = max(0, .447334E+02 - MAT ) * BF16;
BF19 = max(0, VS - .445716E+02) * BF18;
BF20 = max(0, .445716E+02 - VS ) * BF18;
BF21 = max(0, MAP - .124601E+02) * BF12;
BF23 = max(0, CT - .177000E+03) * BF15;
BF25 = max(0, MAP - .107745E+02) * BF11;
BF26 = max(0, .107745E+02 - MAP ) * BF11;
BF27 = max(0, RPM - .177533E+04) * BF26;
BF28 = max(0, .177533E+04 - RPM ) * BF26;
BF29 = max(0, VS - .320000E+02) * BF26;
BF30 = max(0, .320000E+02 - VS ) * BF26;
BF31 = max(0, VS - .490958E+02) * BF25;
BF32 = max(0, .490958E+02 - VS ) * BF25;
BF33 = max(0, VS - .186319E+02) * BF11;
BF34 = max(0, .186319E+02 - VS ) * BF11;
BF35 = max(0, VS - .420000E+02) * BF17;
BF36 = max(0, .420000E+02 - VS ) * BF17;
BF37 = max(0, MAP - .104363E+02) * BF20;
BF39 = max(0, FR - 0.002727140) * BF32;
BF40 = max(0, 0.002727140 - FR ) * BF32;
BF41 = max(0, CT - .125913E+03) * BF32;
BF42 = max(0, .125913E+03 - CT ) * BF32;
BF44 = max(0, .128168E+02 - MAP ) * BF2;
BF45 = max(0, VS - .480000E+02) * BF44;
BF46 = max(0, .480000E+02 - VS ) * BF44;
BF47 = max(0, CT - .172000E+03) * BF18;
BF48 = max(0, .172000E+03 - CT ) * BF18;
BF49 = max(0, MAT - .414763E+02) * BF10;
BF50 = max(0, .414763E+02 - MAT ) * BF10;
BF51 = max(0, CT - .154000E+03) * BF7;
BF53 = max(0, RPM - .143647E+04) * BF51;
BF54 = max(0, .143647E+04 - RPM ) * BF51;
BF55 = max(0, MAP - .124245E+02) * BF53;
BF56 = max(0, .124245E+02 - MAP ) * BF53;
BF57 = max(0, VS - .375000E+02) * BF54;
BF58 = max(0, .375000E+02 - VS ) * BF54;
BF59 = max(0, MAT - .557858E+02) * BF31;
BF60 = max(0, .557858E+02 - MAT ) * BF31;
BF61 = max(0, FR - 0.004098770) * BF60;
BF62 = max(0, 0.004098770 - FR ) * BF60;
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BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF72
BF73
BF74
BF75
BF76
BF77
BF78
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

RPM - .142181E+04) * BF34;
.142181E+04 - RPM ) * BF34;
VS - .639217E+02) * BF55;
.639217E+02 - VS ) * BF55;
MAT - .340000E+02) * BF4;
.340000E+02 - MAT ) * BF4;
FR - 0.003072720) * BF65;
0.003072720 - FR ) * BF65;
FR - 0.003590930) * BF42;
0.003590930 - FR ) * BF42;
VS - .440000E+02) * BF4;
.440000E+02 - VS ) * BF4;
MAT - .463399E+02) * BF45;
.463399E+02 - MAT ) * BF45;
MAT - .395073E+02) * BF41;
.395073E+02 - MAT ) * BF41;
.149276E+04 - RPM ) * BF77;

Y = 0.210214123 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
-

0.000007700
0.061892115
0.010212580
0.000663657
0.000047500
1.719470620
.172425E+02
0.517142117
0.000148805
0.000009599
0.000007944
0.000014491
0.000000565
0.000004433
0.627166390
0.215648681
0.001620597
0.000046380
3.751801491
0.000008048
0.000489553
0.000005404
0.000000287
0.000000953
0.000000030
0.000104094
0.000001976
0.000000007
0.146067962
0.000174675
0.000812728
0.002361082
0.000006556
.131157E-10

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF2 - 0.006450794 * BF3
BF4 - 0.000053526 * BF6
BF7 - 0.000892616 * BF9
BF10 + 0.000808195 * BF11
BF13 - 0.000005681 * BF14
BF15 - .195621E+03 * BF16
BF17 + .197110E+02 * BF18
BF19 - 0.527417243 * BF20
BF21 + 0.427705348 * BF23
BF25 - 0.000558099 * BF26
BF27 + 0.000000820 * BF28
BF29 + 0.000022207 * BF30
BF31 + 0.000000644 * BF32
BF33 - 0.000062376 * BF34
BF35 - 0.628696620 * BF36
BF37 - 0.000298560 * BF39
BF40 - 0.000000001 * BF41
BF44 - 0.000002739 * BF46
BF47 + 0.058323681 * BF48
BF49 - 0.000054591 * BF50
BF51 - 0.000000541 * BF53
BF54 + 0.000000014 * BF55
BF56 - 0.000006156 * BF57
BF58 - 0.000000004 * BF59
BF60 + 0.000017873 * BF61
BF62 + 0.000000192 * BF63
BF64 + 0.000000109 * BF65
BF66 + 0.001601991 * BF67
BF68 - 0.000465439 * BF69
BF70 + 0.000427104 * BF71
BF72 + 0.000810021 * BF73
BF74 - 0.000019098 * BF75
BF76 - 0.000000003 * BF78
BF80;
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MODEL ISX 2002 CUMMINS
BF1 = max(0, TIM - 9.764630318);
BF2 = max(0, 9.764630318 - TIM );
BF3 = max(0, MAP - .267500E+02);
BF4 = max(0, .267500E+02 - MAP );
BF5 = max(0, TQE - .164000E+04);
BF6 = max(0, .164000E+04 - TQE );
BF7 = max(0, TIM - 7.290599823);
BF8 = max(0, 7.290599823 - TIM );
BF9 = max(0, MAP - .197938E+02) * BF2;
BF10 = max(0, .197938E+02 - MAP ) * BF2;
BF11 = max(0, CT - .179577E+03) * BF7;
BF12 = max(0, .179577E+03 - CT ) * BF7;
BF13 = max(0, MAP - .256823E+02) * BF7;
BF14 = max(0, .256823E+02 - MAP ) * BF7;
BF15 = max(0, VS - .658645E+02) * BF14;
BF16 = max(0, .658645E+02 - VS ) * BF14;
BF17 = max(0, VS - .445000E+02) * BF13;
BF18 = max(0, .445000E+02 - VS ) * BF13;
BF19 = max(0, CT - .183856E+03) * BF1;
BF20 = max(0, .183856E+03 - CT ) * BF1;
BF21 = max(0, TQE - .151395E+04) * BF2;
BF22 = max(0, .151395E+04 - TQE ) * BF2;
BF23 = max(0, TQE - .153375E+04) * BF15;
BF24 = max(0, .153375E+04 - TQE ) * BF15;
BF25 = max(0, RPM - .202446E+04) * BF22;
BF27 = max(0, RPM - .168225E+04) * BF6;
BF28 = max(0, .168225E+04 - RPM ) * BF6;
BF29 = max(0, MAT - .630000E+02) * BF15;
BF30 = max(0, .630000E+02 - MAT ) * BF15;
BF31 = max(0, CT - .198707E+03) * BF5;
BF32 = max(0, .198707E+03 - CT ) * BF5;
BF33 = max(0, RPM - .154747E+04) * BF13;
BF34 = max(0, .154747E+04 - RPM ) * BF13;
BF35 = max(0, OT - .220252E+03) * BF33;
BF36 = max(0, .220252E+03 - OT ) * BF33;
BF38 = max(0, .217373E+03 - OT ) * BF18;
BF39 = max(0, MAP - .197525E+02) * BF8;
BF40 = max(0, .197525E+02 - MAP ) * BF8;
BF41 = max(0, FR - 0.003703830) * BF7;
BF42 = max(0, 0.003703830 - FR ) * BF7;
BF43 = max(0, MAT - .779801E+02);
BF44 = max(0, .779801E+02 - MAT );
BF45 = max(0, TQE - .181700E+04) * BF43;
BF46 = max(0, .181700E+04 - TQE ) * BF43;
BF47 = max(0, TQE - .133214E+04) * BF13;
BF48 = max(0, .133214E+04 - TQE ) * BF13;
BF49 = max(0, MAT - .838281E+02) * BF35;
BF50 = max(0, .838281E+02 - MAT ) * BF35;
BF51 = max(0, FR - 0.003931370) * BF16;
BF52 = max(0, 0.003931370 - FR ) * BF16;
BF53 = max(0, OT - .218000E+03) * BF20;
BF54 = max(0, .218000E+03 - OT ) * BF20;
BF55 = max(0, RPM - .149324E+04) * BF38;
BF56 = max(0, .149324E+04 - RPM ) * BF38;
BF57 = max(0, FR - 0.005984570) * BF21;
BF58 = max(0, 0.005984570 - FR ) * BF21;
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BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF67
BF68
BF69
BF71
BF72
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

MAT - .636507E+02) * BF1;
.636507E+02 - MAT ) * BF1;
MAP - .257500E+02) * BF59;
.257500E+02 - MAP ) * BF59;
MAT - .679221E+02) * BF5;
.679221E+02 - MAT ) * BF5;
MAP - .187814E+02) * BF1;
FR - 0.002503090) * BF28;
0.002503090 - FR ) * BF28;
FR - 0.006640630) * BF10;
MAP - .111176E+02) * BF68;
.111176E+02 - MAP ) * BF68;
.179775E+03 - CT ) * BF44;
MAT - .757395E+02) * BF9;
.757395E+02 - MAT ) * BF9;
VS - .490299E+02);
.490299E+02 - VS );
TIM - 3.440509796) * BF78;
3.440509796 - TIM ) * BF78;

Y = 0.563887060 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

0.013410187
0.015247307
0.001118748
0.063705824
0.001581799
0.001679927
0.002888125
0.000133043
0.001851081
0.003103111
0.000013440
0.000000370
0.000000133
0.000045951
0.000379588
0.000105065
0.000033464
0.008697738
0.002577756
.153838E+02
0.010816992
0.000331627
0.000000456
0.181684598
0.000944783
0.000061577
0.046018444
0.006912886
0.012883808
0.000008162
0.011868132
0.000349254
0.000156289
0.001016864
0.000256558
0.003932816
0.000514346

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - 0.012095084 * BF2
BF3 - 0.025910292 * BF4
BF5 + 0.000225848 * BF6
BF7 + 0.009812687 * BF9
BF10 + 0.001563192 * BF11
BF12 - 0.126381889 * BF13
BF14 - 0.000366807 * BF15
BF16 - 0.000331325 * BF17
BF18 - 0.011241508 * BF19
BF20 - 0.000039864 * BF21
BF22 + 0.000049309 * BF23
BF24 + 0.000001117 * BF25
BF27 + 0.000000271 * BF28
BF29 - 0.000009337 * BF30
BF31 - 0.000026006 * BF32
BF33 - 0.000496190 * BF34
BF35 + 0.000076284 * BF36
BF38 - 0.011191603 * BF39
BF40 + .108350E+02 * BF41
BF42 + 0.000883927 * BF44
BF45 + 0.000001016 * BF46
BF47 + 0.000107041 * BF48
BF49 - 0.000007128 * BF50
BF51 + 0.026560439 * BF52
BF53 - 0.000412354 * BF54
BF55 - 0.001401842 * BF56
BF57 + 0.039578222 * BF58
BF59 - 0.001730836 * BF60
BF61 + 0.000681725 * BF62
BF63 - 0.000033878 * BF64
BF65 + 0.000082343 * BF67
BF68 + .417540E+03 * BF69
BF71 + 0.000020557 * BF72
BF74 + 0.000002144 * BF75
BF76 - 0.000893403 * BF77
BF78 + 0.000799740 * BF79
BF80;
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MODEL ISB 2003 CUMMINS
BF1 = max(0, FR - 0.003905640);
BF2 = max(0, 0.003905640 - FR );
BF3 = max(0, MAT - .140250E+03);
BF4 = max(0, .140250E+03 - MAT );
BF5 = max(0, MAP - .315706E+02) * BF3;
BF6 = max(0, .315706E+02 - MAP ) * BF3;
BF7 = max(0, FR - 0.003285380) * BF6;
BF8 = max(0, 0.003285380 - FR ) * BF6;
BF9 = max(0, TQE - .676257E+03);
BF10 = max(0, .676257E+03 - TQE );
BF11 = max(0, TIM + 1.362689972);
BF12 = max(0, - 1.362689972 - TIM );
BF13 = max(0, TQE - .589262E+03);
BF15 = max(0, FR - 0.003865440) * BF12;
BF16 = max(0, 0.003865440 - FR ) * BF12;
BF17 = max(0, VS - .498258E+02) * BF13;
BF18 = max(0, .498258E+02 - VS ) * BF13;
BF19 = max(0, RPM - .256947E+04);
BF20 = max(0, .256947E+04 - RPM );
BF21 = max(0, VS - .623455E+02) * BF20;
BF22 = max(0, .623455E+02 - VS ) * BF20;
BF24 = max(0, .193545E+03 - CT ) * BF7;
BF25 = max(0, MAP - .299391E+02) * BF20;
BF26 = max(0, .299391E+02 - MAP ) * BF20;
BF27 = max(0, CT - .198000E+03) * BF21;
BF28 = max(0, .198000E+03 - CT ) * BF21;
BF29 = max(0, TIM - 3.325119972) * BF20;
BF30 = max(0, 3.325119972 - TIM ) * BF20;
BF31 = max(0, FR - 0.003570480) * BF30;
BF32 = max(0, 0.003570480 - FR ) * BF30;
BF33 = max(0, MAT - .145679E+03) * BF31;
BF34 = max(0, .145679E+03 - MAT ) * BF31;
BF35 = max(0, CT - .198000E+03) * BF3;
BF36 = max(0, .198000E+03 - CT ) * BF3;
BF37 = max(0, VS - .490000E+02) * BF3;
BF38 = max(0, .490000E+02 - VS ) * BF3;
BF39 = max(0, CT - .194366E+03) * BF37;
BF40 = max(0, .194366E+03 - CT ) * BF37;
BF41 = max(0, MAP - .316409E+02) * BF37;
BF42 = max(0, .316409E+02 - MAP ) * BF37;
BF43 = max(0, FR - 0.003119190) * BF11;
BF44 = max(0, 0.003119190 - FR ) * BF11;
BF45 = max(0, RPM - .222379E+04) * BF43;
BF46 = max(0, .222379E+04 - RPM ) * BF43;
BF47 = max(0, VS - .345000E+02) * BF30;
BF48 = max(0, .345000E+02 - VS ) * BF30;
BF49 = max(0, RPM - .246023E+04) * BF12;
BF50 = max(0, .246023E+04 - RPM ) * BF12;
BF51 = max(0, MAT - .137779E+03) * BF48;
BF52 = max(0, .137779E+03 - MAT ) * BF48;
BF53 = max(0, MAP - 9.289450645) * BF11;
BF54 = max(0, 9.289450645 - MAP ) * BF11;
BF55 = max(0, MAP - .230435E+02) * BF46;
BF56 = max(0, .230435E+02 - MAP ) * BF46;
BF57 = max(0, VS - .565000E+02) * BF8;
BF58 = max(0, .565000E+02 - VS ) * BF8;
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BF59
BF60
BF61
BF62
BF63
BF64
BF65
BF66
BF67
BF68
BF69
BF70
BF71
BF73
BF74
BF75
BF76
BF77
BF78
BF79
BF80

=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=
=

max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,
max(0,

MAP - .264918E+02) * BF45;
.264918E+02 - MAP ) * BF45;
MAP - .164693E+02) * BF22;
.164693E+02 - MAP ) * BF22;
MAT - .150683E+03) * BF26;
.150683E+03 - MAT ) * BF26;
FR - 0.001843810) * BF64;
0.001843810 - FR ) * BF64;
VS - .445000E+02) * BF25;
.445000E+02 - VS ) * BF25;
CT - .199000E+03) * BF9;
.199000E+03 - CT ) * BF9;
VS - .637329E+02) * BF3;
TQE - .359204E+03) * BF71;
.359204E+03 - TQE ) * BF71;
MAT - .151387E+03) * BF56;
.151387E+03 - MAT ) * BF56;
FR - 0.002748420) * BF13;
0.002748420 - FR ) * BF13;
MAP - .223968E+02);
.223968E+02 - MAP );

Y = 0.127387688 +
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

.110100E+02
0.001567641
0.002371095
0.119438082
0.000740073
0.003688805
0.000596538
2.458460331
0.000022467
0.000007983
0.000001846
0.000014930
0.000008360
0.000041466
0.043882139
0.002402984
0.000138336
0.000166599
0.000014983
0.000518012
1.955461025
0.004690207
0.000000352
0.000125363
0.000000026
0.000339506
0.008374536
0.005517877
0.007813961
0.000000181
0.000000291
0.000163787
0.000000953
0.000373969
0.000126553
0.000002489
0.043906808

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

BF1 - .357892E+02 * BF2
BF3 - 0.000086623 * BF4
BF5 - 0.000040845 * BF6
BF7 + 0.021837048 * BF8
BF9 + 0.000029892 * BF10
BF11 - 0.004126234 * BF12
BF13 + .423429E+02 * BF15
BF16 - 0.000028175 * BF17
BF18 - 0.000104263 * BF19
BF20 + 0.000101469 * BF21
BF22 + 0.016381416 * BF24
BF25 - 0.000003131 * BF26
BF27 - 0.000020508 * BF28
BF29 + 0.000000467 * BF30
BF31 + 0.003222953 * BF32
BF33 - 0.001333371 * BF34
BF35 + 0.000019720 * BF36
BF37 - 0.000038281 * BF38
BF39 - 0.000002564 * BF40
BF41 + 0.000009850 * BF42
BF43 + 2.290781736 * BF44
BF45 + 0.017569426 * BF46
BF47 + 0.000000377 * BF48
BF49 - 0.000007825 * BF50
BF51 - 0.000000082 * BF52
BF53 + 0.000658189 * BF54
BF55 - 0.022611704 * BF56
BF57 + 0.003080840 * BF58
BF59 + 0.000192274 * BF60
BF61 - 0.000000155 * BF62
BF63 + 0.000000023 * BF64
BF65 + 0.000069099 * BF66
BF67 + 0.000001340 * BF68
BF69 - 0.000392630 * BF70
BF71 - 0.000002189 * BF73
BF74 + 0.004986174 * BF75
BF76 - 0.154998735 * BF77
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- 0.151998803 * BF78 + 0.002462340 * BF79
- 0.000231702 * BF80;
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